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ABSTRACT 
 
 
The spread of pandemic influenza A (2009 H1N1 influenza) virus resulted in a 
global influenza pandemic in 2009. During the early stages of the pandemic, population 
surveillance was crucial. However, officials around the world realized that many of our 
surveillance and reporting systems were not prepared to respond in a coordinated, 
integrated way, which made informed public health decision-making very difficult. More 
accurate estimates of the total number of hospitalized 2009 H1N1 influenza cases were 
required to calculate population-based 2009 H1N1 influenza-associated mortality, 
morbidity and hospitalization rates. For instance, how many people were hospitalized 
with 2009 H1N1 influenza in Massachusetts? Of these, how many were admitted to the 
ICU and how many died? Compared to seasonal influenza, were some race/ethnic and 
age groups affected more than others, and what types of characteristics led to more severe 
manifestations of 2009 H1N1 influenza among these groups in Massachusetts?  
To address the above questions, I proposed a retrospective cohort study using data 
from the Hospital Discharge Database (HDD), which contains data for all inpatients 
discharged from 76 acute care hospitals in Massachusetts, as well as Census information 
to provide a measure of socioeconomic status (SES). My specific aims are as follows: 1. 
Develop methods to identify influenza cases precisely and describe characteristics of 
those hospitalized with ILI in MA between April 26-Sept 30, 2009; 2. Conduct analyses 
to identify race/ethnicity-related trends in reference to 2009 H1N1 influenza-related 
hospitalizations; 3. Conduct analyses to identify age-related trends in reference to 2009 
H1N1 influenza-related hospitalizations. 
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First, I established influenza case selection criteria using hospital discharge data. I 
addressed limitations in the published methods on defining cases of influenza using 
administrative databases, and evaluated ICD-9 codes that correspond with common and 
relatively serious respiratory infections and influenza using a ‘maximum’ and ‘minimum’ 
approach. Results confirmed that 2009 H1N1 influenza affected a younger population, 
and disproportionately affected racial minorities in Massachusetts. There were also 
higher rates of ICU admission compared to seasonal influenza.   
I then presented epidemiological data indicating race/ethnic disparity among 2009 
H1N1 influenza cases in Massachusetts. I found that Hispanics had significantly lower 
odds of 2009 H1N1 influenza-related ICU stay. SES gradients calculated using five-digit 
zip code information did not account for these differences. Within race/ethnic strata, 
Hispanics <18 years and Hispanic females were at much greater risk for 2009 H1N1 
influenza-related ICU stay.  
Finally, I presented epidemiological data indicating differences among 2009 
H1N1 influenza cases by age group in Massachusetts. I calculated measures of 
Diagnostic Cost Group (DxCG) comorbidity for the study population to provide a 
comorbidity measure at baseline. Main results indicate that although comorbidity scores 
were similar between the 2009 H1N1 influenza and seasonal influenza groups, 2009 
H1N1 influenza caused more severe disease in younger age groups. 
This is the first study to report population-based statewide outcomes in all acute 
care centers in MA. In this dissertation I address challenges surrounding influenza 
surveillance to create case selection criteria within an administrative database. Using my 
case selection criteria, I then provide data related to fatality and severity of 2009 H1N1 
ix
influenza in Massachusetts in reference to sociodemographic variables such as 
racial/ethnicity and age groups, and provide evidence for patient-level interventions to 
those hardest hit by influenza. These findings provide valuable information about using 
large administrative databases to describe pandemic influenza cases and guide resource 
allocation to reduce disparities in relation to pandemic influenza preparedness. 
x
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PREFACE 
 
Chapter II is published online open-access and available at the following citation: 
Placzek H, Madoff L. Identification of Influenza Cases During the H1N1 Pandemic in 
Massachusetts Using Population-Based Hospital Discharge Data. PLoS Curr. 2011 Aug 
14;3:RRN125
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CHAPTER I: 
 INTRODUCTION 
 
“When we think of the major threats to our national security, the first to come to mind are 
nuclear proliferation, rogue states and global terrorism. But another kind of threat lurks 
beyond our shores, one from nature, not humans - an [influenza] pandemic.”  
- Barack Obama 
 
 
On April 21, 2009, the Centers for Disease Control and Prevention (CDC) 
reported that two pediatric cases of febrile respiratory illness in southern California had 
been caused by a virus containing unique genetic segments identified as influenza A 
(2009 H1N1 influenza) [1]. Following these initial two cases, there was an extraordinary 
spread of 2009 H1N1 influenza during the spring and summer of 2009. Cases of 2009 
H1N1 influenza virus infection led to rapidly progressive lower respiratory tract disease 
resulting in respiratory distress and failure, development of acute respiratory distress 
syndrome (ARDS), and prolonged intensive care unit (ICU) admission [2]. 
Epidemiological descriptions indicated that 2009 H1N1 influenza affected all age groups, 
but frequently occurred in previously healthy, young adults with a wide range of socio-
demographic characteristics and clinical presentations [3].  
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When the influenza pandemic began in April 2009, the CDC started tracking 
laboratory-confirmed 2009 H1N1 influenza cases, hospitalizations, and deaths as 
reported by states in the US. Their estimates provided ranges and estimates of 2009 
H1N1 influenza cases. Other infectious disease surveillance data sources reported that, as 
of February 2010, between 41 million and 84 million unconfirmed cases of 2009 H1N1 
influenza occurred in the U.S. between April 2009 and January 16, 2010, with between 
183,000 and 378,000 2009 H1N1 influenza-related hospitalizations, and between 8,330 
and 17,160 2009 H1N1 influenza-related deaths [4]. Additional estimates of 2009 H1N1 
influenza Cases and Related Hospitalizations and Deaths through March 2010 are 
included in the Appendix. By April 2010, there were 1998 confirmed cases of 2009 
H1N1 influenza associated with 33 deaths in Massachusetts, but this may represent a 
significant undercount of cases in the Commonwealth.  
Severe influenza infection typically occurred in the very young, the elderly and 
those with comorbid diseases [5]. However, epidemiological descriptions indicated that 
2009 H1N1 influenza affected all age groups, but frequently occurred in previously 
healthy, young adults with a wide range of socio-demographic characteristics and clinical 
presentations [3]. In the northern hemisphere, the median age of fatal cases was 26 years. 
[6]. 
Epidemiological assessments also showed that nearly three quarters of 2009 
H1N1 influenza hospitalized patients had one or more underlying medical conditions [6]. 
These underlying conditions among hospitalized patients included asthma, diabetes, 
heart, lung and neurological diseases, pregnancy [6], and underlying immune 
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compromise [7]. Chronic lung disease (33%), asthma (17%), and chronic cardiovascular 
disease (23%) were the most common risk factors among fatal cases [8].  
 
Influenza Case Ascertainment Surveillance Challenges 
It is difficult to assess in-hospital influenza case ascertainment using 
administrative hospital discharge databases. Most hospitalizations and about 90% of 
deaths attributed to seasonal influenza, are categorized as respiratory or circulatory, not 
including the more specific diagnoses of pneumonia and influenza (i.e., due to heart 
attack or stroke) but are nonetheless likely initially caused by influenza infection [9]. 
Prior studies have sought to evaluate populations at high risk for influenza using 
administrative data from preferred provider organizations [10] or automated databases 
from private insurers [11]. Serological samples are considered the gold standard for 
influenza case identification, but they are not feasible during routine practice, and 
confirmed results were not available in the administrative dataset used in this project.  
In addition, precise influenza case identification is not well described in the 
literature, and a tested and/or validated algorithm detecting influenza/ILI (influenza-like 
illness) does not yet exist. Several studies have used ICD-9 codes to determine ILI case 
status in a variety of settings [12-16]. This study identified and evaluated ICD-9 codes 
that correspond with common and relatively serious respiratory infections that are 
difficult to distinguish without laboratory testing.  
One problem to consider during population-level influenza assessment is that a 
mix of pandemic 2009 H1N1 influenza and seasonal strains may be circulating. To 
address this, I refer to existing laboratory data from the State Laboratory from the 
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Massachusetts Department of Public Health between April-September 2009 as an 
indicator of what strains were identified among confirmed 2009 H1N1 influenza cases. 
The William A. Hinton State Laboratory Institute (HSLI) had been doing confirmatory 
testing of 2009 H1N1 influenza since mid-April 2009. The HSLI discontinued testing for 
influenza type B as of May 24, 2009, after no positive specimens were seen for two 
weeks. There were also no positive specimens for seasonal influenza A since early June. 
Confirmed-case laboratory specimen data indicated that April 26 –September 30, 2009 
represents a unique time period during non-influenza season when unusually high 
influenza activity can be attributed to novel 2009 H1N1 influenza flu. 
Fatality rates and ICU admission rates provide indicators of severity and estimate 
the burden of 2009 H1N1 influenza on the healthcare system. Published rates indicated 
7% fatality and 25% admissions to ICU [6]. However, severity was difficult to assess 
because of the large number of cases and potential underreporting [17]. Case reports can 
be incomplete, and may underestimate the true burden of 2009 H1N1 influenza because 
not all infected individuals sought health care and not all who did were tested for 2009 
H1N1 influenza since confirmatory testing guidelines changed throughout the outbreak. 
In addition, detection of severe cases may be more likely – leading to overestimation of 
the severity of an average case [18]. Under-reporting of hospitalizations and deaths 
occurred since not all specimens are sent to state laboratories for RT-PCR testing, and not 
all specimens gave positive results because of the timing of collection or the quality of 
the specimen. [19]. Thus, there is an inability to identify, test, confirm, and report many 
cases (especially mild cases) [18].  
 
5
Limitations of Data Collection Methods for Hospital-Based Case 
Reports  
 
Current MA data describing hospitalized 2009 H1N1 influenza cases cannot be 
assessed for accuracy or completeness. Mandated by CDC, all hospitalized confirmed 
2009 H1N1 influenza cases are reportable to state health departments. If individuals were 
suspected of having 2009 H1N1 influenza present to the hospital, providers sent 
specimens to the state laboratory for RT-PCR confirmatory testing. State epidemiologists 
followed up by filling out case reports for individuals with positive specimens. These 
case reports were usually completed by state epidemiologists who followed-up with 
hospitals to collect case information. Although all hospitalized cases with 2009 H1N1 
influenza should have been reported to the state DPH, this reporting was considered 
under-representative of the actual number of cases (April 26–September 30, 2009: 177 
confirmed hospitalized cases of 2009 H1N1 influenza), and many (if not most) case 
reports contained incomplete information. To address this limitation, I use a population-
based administrative dataset that is independent of hospital case report data. 
 
Effect of Race/Ethnicity on Pandemic 2009 H1N1 influenza-Related 
ICU Stay 
Unpublished statewide 2009 H1N1 influenza epidemiological data suggested that 
there have been disproportionate numbers of laboratory-confirmed and hospitalized 2009 
H1N1 influenza cases by race/ethnicity in MA (Alfred DeMaria, MDPH, personal 
communication, 2010). MDPH conducted an epidemiological assessment between April 
2009 and February 2010 and found rates of lab-confirmed cases of pandemic 2009 H1N1 
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influenza were four to five times higher in Black and Hispanic populations compared to 
white, non-Hispanic populations, and rates of hospitalization with pandemic 2009 H1N1 
influenza were three to four times higher in Black and Hispanic populations compared to 
White, non-Hispanic populations. Furthermore, published literature indicates that, 
compared to other ethnic groups, indigenous populations from Australia, Canada, and 
New Zealand were found to have three to eight times higher rates of hospitalization and 
death associated with 2009 H1N1 influenza infection [20].  
 
Effect of Age on 2009 H1N1 influenza-Related ICU Stay 
Severe influenza infection typically occurred in the very young, the elderly and 
those with comorbid diseases [5]. However, studies indicated that epidemiological 
differences exist between seasonal and 2009 H1N1 influenza patients by age strata[21]. 
The median age of hospitalized 2009 H1N1 influenza cases was younger than normally 
seen, and infants had the highest hospitalization rates [22]. Other epidemiological studies 
showed that the elderly were under represented among ill individuals during the 2009 
H1N1 influenza pandemic. For instance, in North America, 60% of all identified cases 
were under the age of 18 years [23]. Hospitalized patients with confirmed or probable 
2009 H1N1 influenza infection ranged in age from 21 days to 86 years [6], but 45% of 
hospitalized cases were under the age of 18 years, and only 5% of cases were 65 years of 
age or older [6].  
The 2009 H1N1 influenza virus is a unique virus, but studies have found 
similarities between this pathogen and other influenza A viruses that have circulated in 
the past. Serum specimens analyzed by hemagglutination-inhibition testing for the 
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presence of antibodies against 2009 H1N1 influenza found that most individuals born 
after 1944 lacked antibodies to the pandemic virus [24]. Among the elderly, cross-
reactive antibodies against 2009 H1N1 influenza may have provided immunity against 
the pandemic. Other work studied cross-immunity between seasonal and pandemic 
influenza by using a highly sensitive neutralizing assay to measure levels of 2009 H1N1 
influenza neutralizing titers in subjects. Results indicated that higher pandemic 
neutralizing titers were measured in subjects >60 years of age [25]. These findings 
suggested that previous exposure to seasonal influenza viruses or previous influenza 
vaccination had conferred some level of protective immunity against 2009 H1N1 
influenza. Furthermore, in sequence comparisons the hemagglutinin (HA) gene of the 
2009 H1N1 influenza virus was closely related to the Spanish and 1976 swine influenza 
viruses. Three-dimensional structures of the HA molecule indicated that the antigenic 
epitopes of the 2009 H1N1 influenza HA were more closely related to the Spanish 
influenza HA than to those of recent seasonal influenza A viruses [24]. This could 
indicate that the 2009 H1N1 influenza virus may have originated from infections caused 
by the Spanish influenza virus and its descendents, which could explain the partial 
immunity exhibited in the older population.  
 
Proposed Study  
To address some of the limitations and epidemiological assessments described 
previously, I proposed a retrospective cohort study identifying 2009 H1N1 influenza-
related hospitalizations in Massachusetts. The overall objectives of this study were to 
identify influenza-associated hospitalizations in a hospital administrative database, 
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describe socio-demographic characteristics of patients hospitalized with 2009 H1N1 
influenza in Massachusetts, and determine predictors of severity in the total population 
and according to racial/ethnic and age strata. This study utilized data from the Hospital 
Discharge Database (HDD) from Massachusetts in 2009, and SES information from 
Census data. A case of 2009 H1N1 influenza was defined as an individual for whom a 
discharge claim was submitted with one or more ICD-9 codes included in the ILI 
algorithm.  
The time period of April 26 – September 30, 2009 has been selected because this 
represents a unique time period to analyze the burden of 2009 H1N1 influenza on 
hospitals in Massachusetts. This time period occurred before 2009 H1N1 influenza 
vaccine was released, and nearly all influenza activity is attributable to 2009 H1N1 
influenza based on confirmed laboratory sample data. April 26 marked the first date that 
2009 H1N1 influenza was detected in Massachusetts, and September 30 marked the end 
of non-influenza season. After September 30, surveillance and reporting measures 
changed to correspond to influenza season guidelines. 
 
Significance 
This dissertation advances our understanding of influenza and the 2009 H1N1 influenza 
pandemic in several ways: 1) The techniques described can be applied to any influenza 
season or pandemic. Due to limitations related to accurate influenza case identification, 
this study evaluated the use of ICD-9 diagnosis codes to establish influenza case selection 
criteria to identify influenza-associated hospitalizations.  I applied syndromic surveillance 
selection criteria within a population-based hospital administrative database among all 
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Massachusetts hospitals. At the time of writing, this type of data source had not yet been 
used to investigate 2009 H1N1 influenza within specific populations. 2) This is the first 
study to assess the burden of 2009 H1N1 influenza on those hospitalized in 
Massachusetts. Assessments of fatality rates and levels of severity among 2009 H1N1 
influenza cases in MA hospitals, and racial/ethnic and age-specific assessments of 2009 
H1N1 influenza burden have not yet been reported. 3) This is the first study of 
hospitalized 2009 H1N1 influenza cases to utilize data from all cases within a state. Past 
assessments of outcomes of hospitalized 2009 H1N1 influenza patients have only been 
based on a small proportion of the total hospitalized population. For instance, Jain et al. 
included 27% of total Massachusetts hospitalizations in their calculations for nationwide 
2009 H1N1 influenza outcomes for hospitalized patients [6]. This assessment evaluated 
only confirmed hospital case reports, so the cohort may not be representative of 
hospitalized patients who may not have been tested. 4) Finally, this study examined 
disparities and differences in predictors of severity and fatality among racial/ethnic 
groups and age. Although data on racial-ethnic disparities has been presented in recent 
literature [20], reasons for this disparity have not been assessed [6], and age has not yet 
been assessed for all hospitalizations in MA using administrative data. 
 
Data Sources 
The Hospital Discharge Database (HDD) 
The Hospital Discharge Database (HDD) is collected and maintained by the Department 
of Healthcare Finance and Policy (DHCFP). The HDD contains case-mix2 and discharge 
2 Case-mix refers to a system that measures hospital performance, and serves as an information tool for policy makers to better understand 
the nature and complexity of healthcare delivery. 
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data for all inpatients discharged from 76 acute care hospitals in Massachusetts. This data 
source contains comprehensive information including socio-demographics, clinical data, 
and charge data, with a total of 377 variables [26]. Previously, the HDD has been used to 
enable hospitals to be grouped for comparing costs associated with treatments, assist in 
the formulation of health care delivery and financing policy, and to assist in the 
provision/purchase of health care services [26]. There were approximately 850,000 total 
records for 2009 (the fiscal year date ranges are Oct. 1 –Sept. 30) corresponding to 76 
hospitals and 351 cities in MA. This is a retrospective data source where date of data 
entry corresponds to the day of discharge for each individual.  
The HDD dataset goes through a thorough cleaning process to ensure high quality 
data. Prior to release, an analyst group monitors HDD data for completeness. Data quality 
is addressed in the following ways: a subsample (ie: sampling cluster or primary 
sampling unit) of data entries based on facility type, or dates of service is screened for 
errors to check for values that are outside of the expected range or of the wrong “type”. 
Entry errors, extraordinary values for length of stay and appropriateness of dates of 
service are assessed to ensure that correct diagnostic or procedure codes are utilized and 
that they fall in the defined time period. Prior to the release of the dataset, hospitals with 
missing or inaccurate information are contacted specifically to provide additional data. A 
standard ‘Verification Report Response Form’ is issued by the DHCFP, and is used by 
each hospital to verify the accuracy of their data as it appears on their Final Case-mix 
Verification Report. If a hospital finds discrepancies, the DHCFP requests that the 
hospital submit written corrections that provide an accurate profile of that hospital’s 
discharges. A summary of the hospital’s verification responses and discrepancies is 
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provided with the data when released. In addition, a HDD data users group meets to 
discuss past and current validity issues in order to maintain high data quality. 
 
United States Census Socioeconomic Status Data 
 Since 1790, the Bureau of the Census has continually conducted surveys to 
produce a general view and comprehensive study of the United States' social and 
economic conditions. In this study, Census data provides a measure of socioeconomic 
status (SES) indicator through aggregate levels of affluence. SES measures are based on 
the percentage of people below 100% of poverty in an area code, categorized by 
percentage.  
 
Considerations Related to Case Identification and Methodology 
Changes in the 2009 H1N1 influenza epidemic over time during the study period: 
Changes in the 2009 H1N1 influenza epidemic over time affect issues related to reporting 
protocol, treatment bias, and public perception which may affect who is getting treated 
(or reported as receiving treatment) for 2009 H1N1 influenza. To address this, I analyzed 
individual codes in our maximum selection criteria to discover which were used to flag 
ILI between April 26- July 15 and July 16-September 30, 2009. Additional discussion of 
this topic is included in Chapter II. 
Interactions between age and race/ethnicity: Adjusting for race/ethnicity in the main 
model in Chapter III (focusing on association of race/ethnicity and 2009 H1N1 influenza-
related ICU stay), and also for age in Chapter IV (focusing on association of age and 
2009 H1N1 influenza-related ICU stay) addresses issues related to age/race interactions. 
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In addition, I stratified by subgroup and also created interaction variables by age/race 
groups to identify interactions between age and race/ethnicity. 
Excluding nosocomial cases from the study population: Since ILI codes such as fever and 
cough are included in selection criteria, and these may be too non-specific for the 
purposes of influenza case detection, expert clinical opinion indicated that it would be 
necessary to separate those with pre-existing influenza conditions from those that arise 
during hospitalization. One variable within each discharge helped with this assessment: 
‘condition present on admission’ - coded as a dichotomous (0/1, yes/no) variable. In 
order to tell if patients with ILI presented to the hospital with ILI symptoms, and to 
distinguish these cases from hospital-acquired cases, I assessed who met ILI criteria, and 
limited the study population to those who are ‘yes’ for condition present on admission. 
Patients who develop ILI symptoms after hospital admission were excluded from the 
population selection process to include only those with ILI symptoms upon admission to 
the hospital, and limit the amount of misclassification within the study population. 
Baseline measures of risk: In Chapter IV I used established calculation software, 
Diagnostic Cost Group (DxCG) risk analysis, to calculate individual-level baseline 
measures of risk. DxCG analysis calculates a risk-adjusted ‘score’ for each individual 
based on ICD-9 codes identifying comorbid conditions. Originally used to predict 
healthcare-related costs, the Diagnostic Cost Group (DxCG) risk analysis calculates 
individual-level baseline measures of risk for hospitalization, hospital readmission, 
and/or future healthcare costs likely to be incurred [27]. Specifically, this risk adjustment 
calculation is an innovative and effective way to compare risk at baseline with the 
outcome, especially in the age-specific analysis in Chapter IV.  
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Hospital readmissions: It is possible that patients could have more than one ILI-related 
admission during the observed time period. However, it is unlikely that individuals will 
contract influenza more than once during a season, therefore I assessed if readmissions 
relate to the same case of influenza, or another infection to confirm that measures of 
mortality/severity relate to ILI-related causes. Expert clinical guidance describes that two 
independent episodes of influenza are likely to be >30 days apart. Therefore, I analyzed 
how many readmissions exist in our sample (i.e. how many patients were admitted more 
than once in the same season), and assessed if patients have any readmission not meeting 
ILI criteria within 2 weeks. Finally, I limited study population selection to first 
admission, if multiple readmissions for the same patient occurred. 
Reporting bias: In-hospital reporting could affect the estimates for mortality and severity 
in this population. For instance, mild infections in young children may be much more 
likely to be reported than mild infections in adults. However, quantifying outcomes of 
this cohort by using age-stratified analyses improve the accuracy of our results, which is 
addressed in Chapter IV. 
2009 H1N1 influenza diagnosis code: Because 2009 H1N1 influenza is a novel disease, 
reporting, coding and diagnosing practices had not yet been established. Therefore I 
evaluated the prevalence of the 2009 H1N1 influenza diagnosis code (488.1) in Chapter 
II.  
Socioeconomic status (SES): To provide a measure of SES, I linked 5-digit zip code-level 
information in the HDD dataset to zip code information in Census 2000 data 
corresponding to four aggregate levels of social status in Aim 2. A 4-level measure, < 5 
%, 5-10, 10-20, 20+% has been used to categorize SES, and to provide guidance for 
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identifying the most critical pathways underlying the connections between income and 
mortality [28]. Additional discussion of this variable is found in Aim 3 (Chapter 4). 
 
Study Population Selection 
The following figure identifies how case selection criteria were applied to the HDD to 
identify the study population. 
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Figure 1.1: Study population selection flowchart 
 
Note: Sample sizes were calculated using maximum selection criteria in Aim 1. 
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Independent Variable Considerations and Codebook 
The following independent variables were included in epidemiological descriptions in 
Aim 1, and included in the full model investigating the association between ILI-related 
ICU stay and independent predictors in Aims 2 and 3: 
Source of admission indicated where a patient originated prior to hospital stay. The 
primary source of admission is the originating, referring or transferring facility or 
primary referral source causing the patient to enter the hospital’s care. Examples of 
source of admission include “Direct Physician Referral” or “Within Hospital Emergency 
Room Transfer”. 
Race/ethnicity: categories included White, non-Hispanic, Black, non-Hispanic, Hispanic, 
and Other (including Asian, American Indian/Alaska Native, Native Hawaiian/Pacific 
Islander, Other, and Unknown). A unique Hispanic Indicator was used to identify 
whether the patient is or is not Hispanic/Latino/Spanish. 
Age (yrs): Age was calculated by subtracting the date of birth from the admission date. 
Those <1 year (newborns/infants) were assigned an age value of ‘1’.  
Length of stay (LOS) (days): LOS was calculated by subtracting the admission date from 
the discharge date (and then subtracting Leave of Absence Days (LOA) days). If the 
result is zero (for same day discharges), then the value was changed to 1. 
Sex: Gender-related patient characteristics included ‘male’ (1) or ‘female’ (2). 
 
Project Aims 
The study’s specific aims were: 
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Aim 1: involved an exploratory analysis to establish a list of ILI codes to define and 
describe the study population. I developed methods to identify influenza cases and 
describe characteristics of those hospitalized with ILI in MA between April 26-Sept 30, 
2009. Study objectives: 1) Evaluate the use of influenza case selection criteria in the 
HDD dataset; 2) characterize the epidemiology of 2009 H1N1 influenza-related 
hospitalizations in Massachusetts; and 3) compare characteristics of those hospitalized 
during periods of seasonal influenza activity and during the 2009 H1N1 influenza 
pandemic. 
 
Aim 2: I conducted an analysis to identify race/ethnicity-related trends in reference to 
severity/mortality from ILI. Hypothesis: Rates of ILI-related mortality/severity will be 
greater among non-Hispanic African-Americans and Hispanics compared to non-
Hispanic Whites. In addition, I hypothesized that this relationship would be mediated by 
socioeconomic status, which I investigated in the analysis. Objectives: 1) calculate 2009 
H1N1 influenza-related ICU admissions in Massachusetts by race/ethnic group; 2) 
investigate the association between ICU stay and SES; and 3) determine predictors of 
ICU stay among race/ethnic groups. 
Although 2009 H1N1 influenza-related racial/ethnic disparities have been shown 
in the literature, there have not been population-based analyses of hospitalization data in 
Massachusetts. This indicates that some racial/ethnic groups could be disproportionately 
affected by 2009 H1N1 influenza on a statewide level, and future work should address 
this disparity by identifying common independent predictors of severe 2009 H1N1 
influenza disease (characterized by ICU admission) among racial and ethnic groups such 
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as age, sex, and socioeconomic status. In Aim 2, I examined the population discharged 
from any acute care hospital in Massachusetts between October 1, 2008-September 30, 
2009, and calculated ICU rates by race/ethnic groups for those discharged between April 
26-September 30, 2009. Using five-digit zip code as an identifier, I linked Census data to 
those in the Hospital Discharge Database (HDD). Census data provided a measure of SES 
indicator through aggregate levels of affluence. I examined whether race/ethnic groups 
had different levels of SES, and used multivariate logistic regression to identify 
predictors of ICU stay in the total study population and within race/ethnic strata.   
 
Aim 3: I conducted an analysis to identify age-related trends in reference to severity from 
ILI. Hypothesis: Rates of ILI-related mortality/severity will be greater in those <18 years 
of age compared to those >18 years. While it has been shown that those >18 years have 
greater burden from comorbid conditions, those <18 years of age also have higher rates 
of 2009 H1N1 influenza-related infection and hospitalization. Objectives: 1) Compare 
comorbidity measures by age group for those hospitalized during the 2009 H1N1 
influenza pandemic and seasonal influenza time period in 2009; 2) compare risk factors 
for ILI-related ICU stay for those hospitalized during the 2009 H1N1 influenza pandemic 
and seasonal influenza time period. 
Because there have been notable differences between seasonal influenza and 2009 
H1N1 influenza acquisition and fatality rates, understanding the risk of 2009 H1N1 
influenza in-hospital mortality and severity by age group is important to provide evidence 
for where to allocate resources, inform preparedness plans for future pandemic planning, 
and understand the burden to providers/facilities. Aim 3 first established if disparities by 
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age group exist in a hospital discharge dataset in MA. Next, I calculated Diagnostic Cost 
Group (DxCG) risk score for each individual in the study population to establish a 
baseline measure of comorbidity. Finally, I identified predictors that led to severity by 
age group to better understand why specific groups have a higher rate of hospitalization 
and severe disease than others, adjusted for comorbidity. 
 
In conclusion, this project described pre-immunization 2009 H1N1 influenza-only 
influenza activity and compared it to seasonal influenza activity among all 
hospitalizations in Massachusetts. Results have significant implications for future public 
health practice and methods at the state and local level by providing detailed statewide 
epidemiological results broken down by patient-level characteristics. Experts know that 
other pandemics are inevitable, therefore learning more about what drives and predicts 
these trends is important to provide evidence to inform future plans related to allocation 
of resources and immunizations, and to better understand the burden of pandemic 
influenza on providers and facilities. However, additional data are required for informed 
public health decision making, including “capturing the full impact of the pandemic on 
mortality” [29]. Estimates of influenza-associated deaths on a national level have been 
directly relevant to US influenza control policies relating to immunization practice and 
recommendations [30, 31], and can be used to determine costs and benefits associated 
with influenza prevention and control strategies. Results from this study are directly 
relevant to public health preparedness to determine the appropriate pandemic 
containment and mitigation measures for vaccine allocation and distribution, hospital 
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preparedness plans, healthcare worker training and awareness, and public health 
marketing campaigns. 
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CHAPTER II: 
Identification of Influenza Cases During the 2009 H1N1 
Influenza Pandemic in Massachusetts Using Population-Based 
Hospital Discharge Data 
 
 
Abstract 
Objectives: (1) To characterize the epidemiology of 2009 H1N1 influenza-related 
hospitalizations in Massachusetts; and (2) to compare characteristics of those hospitalized 
during periods of seasonal influenza activity and during the 2009 H1N1 influenza 
pandemic. 
Methods: I applied maximum and minimum criteria to the Massachusetts Hospital 
Discharge Database to identify 2009 H1N1 influenza-related hospitalizations. I 
constructed annual line graphs describing mean frequencies of influenza-like illness(ILI)-
related discharges between 2005-2008, and compared these rates to early waves of 2009 
H1N1 influenza in 2009. 
Results: During spring and summer 2009, there were significantly higher rates of ILI-
related hospital discharges in Massachusetts compared to 2005-2008. Out of 359,344 
total discharges between April 26-September 30,2009, 2009 H1N1 influenza-related 
hospitalizations ranged from 601 to 10,967 cases. Minimum criteria confirmed that 2009 
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H1N1 influenza affected a younger population (50% were <18 years), with higher rates 
among African-Americans (18%) and Hispanics (23%) and higher rates of ICU 
admission (21%) compared to seasonal influenza (39%, 10%, 14%, and 17% 
respectively). 
Conclusions: This is the first population-based assessment of epidemiological 
characteristics of hospitalized 2009 H1N1 influenza cases in Massachusetts, and it is the 
first to include all possible hospitalized cases in the analysis. The authors confirm that 
large administrative data sets can detect hospitalizations for influenza during a pandemic, 
but estimated case counts vary widely depending on selection criteria used. Maximum 
criteria overestimated 2009 H1N1 influenza activity, and those meeting minimum criteria 
resemble published accounts of 2009 H1N1 influenza-related hospitalizations closely. 
 
Background 
The emergence and spread of the novel influenza A (2009 H1N1 influenza) virus 
resulted in extraordinary influenza activity across the United States throughout the spring, 
summer and fall of 2009 [32]. Previous studies assessed fatality rates and rates of 
healthcare utilization due to 2009 H1N1 influenza [33, 34]. However, accuracy and 
severity of in-hospital 2009 H1N1 influenza case ascertainment are difficult to determine 
[17], and the impact of influenza-related hospitalizations and mortality are poorly 
quantified as a result of limitations and methodological challenges related to influenza 
reporting, diagnosis, and surveillance. Serological samples are considered the gold 
standard for influenza case identification [35], but they are rarely done during routine 
practice, and more importantly, reliable measures of confirmed influenza in population-
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based data sources have not been described. Under reporting of hospitalizations and 
deaths occurs as well since not all patients undergo virologic testing. Thus, there is an 
inability to identify, test, confirm, and report many cases. 
Current statewide data describing hospitalized 2009 H1N1 influenza cases in 
Massachusetts cannot be assessed for accuracy or completeness. Most hospitalizations 
and about 90% of deaths attributable to seasonal influenza are categorized as respiratory 
or circulatory (i.e., due to heart attack or stroke and not including the more specific 
diagnoses of pneumonia and influenza) but are nonetheless likely initially caused by 
influenza infection [9]. Mandated by CDC during the 2009 H1N1 influenza pandemic, all 
hospitalized confirmed 2009 H1N1 influenza cases are reportable to state health 
departments. Although all hospitalized cases with 2009 H1N1 influenza should have been 
reported to the Massachusetts Department of Public Health (MDPH), this reporting is 
considered under-representative of the actual number of cases, and many (if not most) 
case reports contain incomplete information. One study confirmed the ‘undercount’ 
theory by using data from laboratory-confirmed cases reported to the CDC to estimate the 
prevalence of 2009 H1N1 influenza cases. Correcting for under-ascertainment, the study 
estimated that every confirmed case of 2009 H1N1 influenza reported from April - July 
represented 79 actual cases, and every hospitalized case reported may have represented 
an average of 2.7 total hospitalized people [19].  
Reliable estimates of influenza cases are important to better understand the impact 
of the virus on the population, how providers and healthcare facilities were affected by 
the epidemic, and to know costs associated with treatments and diagnoses. Many 
researchers turn to large administrative databases to calculate population-based measures 
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of severity of influenza. These data sources characterize hospital encounter information 
through billing, diagnostic codes, and/or ICD-9 codes. Attempts to identify influenza 
cases in administrative datasets have been described in the literature [12-16], but more 
information is required about accurate case identification methods since currently no 
‘gold standard’ influenza case selection criteria exists. 
Epidemiological assessments have compared severity of disease between patients 
hospitalized with seasonal influenza and 2009 H1N1 influenza. One study in a pediatric 
cohort found that 2009 H1N1 influenza was associated with more severe respiratory 
disease than seasonal influenza [36]. Many of these studies were limited to single-center 
or regional assessments, however, and there are no population-based studies assessing 
this relationship, although reviews have described 2009 H1N1 influenza activity in the 
Northern Hemisphere [37] and Southern Hemisphere [38].  
There are also confirmed diagnosis data suggesting that specific communities and 
populations, racial and ethnic groups [20] and specific age groups in particular, may be at 
increased risk of developing severe infection from 2009 H1N1 influenza, but this has not 
been examined in population-based studies using hospitalization discharge data from 
Massachusetts.  
This study used the Hospital Discharge Database (HDD), which is a patient-
linked listing of all hospital discharges in Massachusetts and includes up to 15 ICD-9-
coded discharge diagnoses for each patient. I evaluated ICD-9 codes that correspond with 
common and relatively serious respiratory infections and influenza using two influenza 
case selection criteria to identify those hospitalized with influenza during the first wave 
of the 2009 H1N1 influenza pandemic.  
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Taking into account the data and limitations addressed above, the main objectives 
for this study include: (1) to characterize the epidemiology of 2009 H1N1 influenza-
related hospitalizations in Massachusetts; and (2) to compare characteristics of those 
hospitalized in Massachusetts during periods of seasonal influenza activity and during the 
2009 H1N1 influenza pandemic period. 
 
Materials and Methods 
Data source 
The HDD contains discharge data for all inpatients discharged from all 76 acute 
care hospitals in Massachusetts. This data source contains comprehensive information 
including socio-demographic data, clinical data, and charge data, with a total of 377 
variables [26]. Data included all 351 cities and towns. For this study, patients met the 
following inclusion criteria: 1) discharged from any acute care hospital in Massachusetts 
in the time period October 1, 2004-Sept 30, 2010; and 2) assigned one or more diagnosis 
codes corresponding to a grouping of ICD-9 codes used to identify ILI.  
Time period selection 
Confirmed-case laboratory specimen data from the Massachusetts State Laboratory 
indicated that between April 19-October 1, 2009, 99% of influenza virus isolates were 
2009 H1N1 influenza. In addition, 34% of all submitted specimens were positive for 
2009 H1N1 influenza [39]. This time interval occurred before 2009 H1N1 influenza 
vaccine was released, therefore it is a unique time to study the impact of the virus prior to 
the availability of immunization. Prior to April 26, 2009, seasonal influenza activity was 
common in Massachusetts: April 26 marks the first date that 2009 H1N1 influenza was 
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detected, and September 30 marks the end of non-influenza season. For comparison 
purposes, I applied the same selection criteria for influenza-like illness to the five prior 
influenza seasons between October 1, 2004-April 25, 2009.  
Study population identification 
Patients assigned one or more ICD-9 diagnosis codes corresponding to specific case 
selection criteria were included in the analysis. Nationwide U.S. data indicated that only 
7% of 2009 H1N1 influenza-related hospitalizations occurred in those ≥65 [4], so those 
≥65 years of age were excluded from the study population to minimize misclassification 
bias introduced by non-influenza cases. I created a ‘maximum-minimum’ approach to 
describe influenza for case selection in this study and provide an interval within which 
the true frequency of cases is found. This approach includes two sets of selection criteria 
to characterize influenza and select cases using ICD-9 codes: (1) the ‘maximum’ 
criterion applied the broadest definition of influenza. This list of codes has been validated 
against virologic results in a study evaluating code-based syndromic surveillance for ILI 
which found that 14 codes correlated highly with positive viral specimens [40]. These 
ICD-9 codes include codes for influenza, fever, and other respiratory illnesses (Table 
2.1), and is currently in use in other 2009 H1N1 influenza surveillance work using 
administrative data [41]. (2) The ‘minimum’ criterion is the narrowest definition for 
influenza and included those patients who were assigned codes corresponding to 
influenza- specific diagnoses (Table 2.1). Prior studies identifying influenza cases in 
administrative datasets have used influenza-only diagnoses in addition to pneumonia 
codes [42].  
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Table 2.1: Specific ICD-9 Codes Included in Case Selection Criteria 
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Statistical analyses 
I constructed line graphs describing weekly ILI discharge rates, and calculated mean 
frequencies of ILI discharges corresponding to the fiscal year: MMWR Week 40 (10/1) 
through week 39 (9/30) to describe annual trends.  To describe variability related to ILI 
discharges prior to the 2009 H1N1 influenza pandemic, I calculated mean weekly 
frequencies of ILI-related discharges for the period October 1, 2004-April 25, 2009, and 
95% confidence intervals (CIs). I used SAS v.9.2 to conduct all analyses. 
To determine how and if the 2009 H1N1 influenza population differed from the 
seasonal influenza population I compared periods of 2009 H1N1 influenza-specific 
influenza activity (April-Sept 2009) to those of seasonal influenza. To do this, I analyzed 
frequencies of ILI discharges from 2004-2009, described characteristics of patients with 
2009 H1N1 influenza and seasonal influenza, and used chi-square tests of proportions 
between groups to determine significance (Table 2.2). Those with P<0.05 indicate that 
proportions of the seasonal influenza and 2009 H1N1 influenza groups represent 
statistically different distributions, although this significance may be driven by the large 
sample size of the study population. 
 
Results 
Characterization of 2009 H1N1 influenza-related hospitalizations in Massachusetts 
For fiscal year 2009 (October 1, 2008 –September 30, 2009) there were 853,446 total 
discharges. Out of 359,344 total discharges between April 26-September 30, 2009, there 
were 10,976 individuals discharged from an acute care hospital in Massachusetts meeting 
the maximum selection criteria (Table 2.2) during the 2009 H1N1 influenza pandemic. 
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Between October 1, 2004-April 25, 2009, there were 109,084 individuals discharged with 
an ILI diagnosis code corresponding to influenza. According to the minimum criteria, 
there were 601 individuals discharged during the 2009 H1N1 influenza pandemic (Table 
2.2), and 2,715 patients discharged from a Massachusetts hospital between October 1, 
2004-April 25, 2009. 
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Table 2.2: Characteristics of Patients <65 Years of Age Discharged With Diagnoses 
Meeting Maximum and Minimum Criteria for Influenza-Like Illness, During Pandemic 
Influenza and Seasonal Influenza Periods, FY2005-2009 
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In general, there were more narrow confidence intervals during periods of 
relatively low ILI activity (Weeks 40-46, or 21-27) (Figure 2.1). Except for Week 9, ILI 
discharges in 2009 fell within the 95% CI for 2005-2008 until Week 17. Starting at Week 
17, however, there was an unusual increase in frequency of ILI discharges corresponding 
to the 2009 H1N1 influenza pandemic. During weeks with low activity during fiscal 
years 2005-2008, there was a baseline of 400-500 discharges of those meeting maximum 
selection criteria, with peaks at approximately 700 cases during Weeks 3 and 9. Activity 
during 2009 peaked at Week 10 with 800 discharges and then at week 25 with 
approximately 650 cases, compared to approximately 425 for 2005-2008. This 
comparison indicates typical ILI activity during fall 2008 and winter 2009, but unusually 
high frequency of ILI discharges during spring and summer 2009. 
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Figure 2.1: Frequency Meeting Maximum Criteria in Massachusetts by MMWR Week, 
FY2005-2009 
 
 
Legend: Figure 2.1 shows the mean frequency of ILI discharges by MMWR week for 
fiscal years 2005-2008 (blue) and 2009 (red) with 95% CI’s.  
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Influenza-specific codes are rarely used in summer months identifying 
approximately zero cases except for Summer 2009 (Figure 2.2). The mean frequency of 
ILI discharges from 2005-2008 are shown in blue with 95% CIs. Similar to Figure 1, ILI 
discharges in 2009 fell within the CIs of 2005-2008 until week 17. In 2005-2008, the 
frequency of discharges with influenza-specific diagnoses declined to approximately zero 
per week between Weeks 22-39, but I saw a peak of discharges with influenza-specific 
diagnoses at Week 26 (n=58) during 2009 corresponding to the 2009 H1N1 influenza 
pandemic. This comparison indicates that influenza diagnoses were not common during 
Weeks 22-39 in years 2005-2008 which is typically non-influenza season, but in the 
spring and summer of 2009 there was a comparatively large number of discharges with 
influenza diagnoses from hospitals in Massachusetts. Results in Figure 2.2 also 
correspond closely with statewide sentinel site surveillance data from Massachusetts’ 
providers reporting percentage of ILI visits [39]. 
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Figure 2.2: Frequency Meeting Minimum Criteria in Massachusetts by MMWR Week, 
FY2005-2009 
 
Legend: Figure 2.2 shows the mean frequency of ILI discharges by MMWR week for 
fiscal years 2005-2008 (blue) and 2009 (red) with 95% CI’s.  
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To address possible misclassification of non-influenza cases included as influenza 
cases, the breakdown and trends of each code included in the maximum (broad) criteria 
were analyzed. The 2009 H1N1 influenza-specific ICD-9 code (488.1) introduced in June 
2009 was not used to diagnose any individuals discharged from a hospital in 
Massachusetts. Among those meeting the maximum criteria, 64% had a discharge code 
corresponding to pneumonia (486), and 10% had the corresponding discharge code for 
fever (780.6). 
 
Comparing characteristics of 2009 H1N1 influenza and seasonal influenza populations 
Comparing the 2009 H1N1 influenza and seasonal influenza groups among the 
maximum criteria, there were higher proportions of Black, non-Hispanic individuals with 
2009 H1N1 influenza compared to seasonal influenza (11% versus 9%), as well as 
Hispanics (12% compared to 10%).  There was also a higher ICU admission rate among 
those with 2009 H1N1 influenza (18% compared to 16%), and statistically significant 
differences among proportions relating to gender, race/ethnicity, age groups, ICU 
admission, and ED admission (Table 2.2).  
Some of these population differences are more dramatic in the minimum criteria. 
Compared to seasonal influenza, ILI discharges during the 2009 H1N1 influenza 
pandemic had higher proportions of Black, non-Hispanics (18% compared to 10%), as 
well as Hispanics (23% compared to 14%). Those with 2009 H1N1 influenza were also 
younger: there were significantly higher proportions of those <18 years with 2009 H1N1 
influenza compared to seasonal influenza (50% compared to 39%).  Other variables with 
significantly different proportions between 2009 H1N1 influenza and seasonal influenza 
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are ICU admission rates, percentage of those admitted to the hospital through the ED, and 
those admitted through the outpatient department (Table 2.2). 
Hospital utilization of ILI-related discharges were compared between the 2009 
H1N1 influenza and seasonal influenza time periods to better understand if there was a 
difference in geographic distribution of influenza cases between the two time periods 
used in this analysis (Tables A.7 and A.8). From the output listed in the Appendix, the 
top 10 utilized hospitals have been highlighted. There was random geographic variation 
within the two time periods, and little difference between hospital utilization between the 
two time periods indicating that patients utilized similar facilities for their influenza-
related care. Most utilization was concentrated within urban areas in Eastern 
Massachusetts. 
 
 
Discussion 
Characterization of 2009 H1N1 influenza-related hospitalizations in Massachusetts 
I examined influenza cases in Massachusetts using population-based hospital 
discharge data from HDD. I applied two selection criteria to identify and compare 
influenza cases. The two study populations are not mutually exclusive since the 
influenza-specific codes are a subset of the maximum criteria.  
Nearly two-thirds (64%) of those meeting the maximum criteria had a discharge 
code corresponding to pneumonia. However, studies have found that pneumonia occurred 
in only 2.5% of those with confirmed 2009 H1N1 influenza [43]. One study in particular 
conducted computed tomography (CT) scans on patients with confirmed 2009 H1N1 
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influenza infection, and discovered that 7.5% (40 of 584 confirmed infections) had chest 
abnormalities consistent with pneumonia [44]. Since these, and other related assessments, 
indicate that most of those with 2009 H1N1 influenza-related symptoms did not have 
pneumonia during the pandemic, one way to reduce misclassification of those with 2009 
H1N1 influenza (and possibly other emerging influenza strains) may be to exclude 
pneumonia from the selection criteria altogether. Including the code for ‘pneumonia’ 
contributes a large number of cases who may not have confirmed influenza, and with 
these points in mind, I cannot recommend applying the maximum criteria within an 
administrative dataset to calculate total influenza caseloads or describe those hospitalized 
with influenza during a pandemic.  
Consistent with these recommendations, I conducted a sensitivity analysis incorporating 
intermediate case selection criteria to compare baseline cases and annual trends between 
maximum, intermediate, and minimum case selection criteria. Intermediate case selection 
criteria corresponded to the ICD-9 codes utilized for the maximum selection criteria 
excluding the code for pneumonia (486.0), The frequency of those meeting maximum 
criteria excluding pneumonia  (Figure A.1) follows similar patterns as those shown in 
Figures 2.1 and 2.2. However, before week 17, discharges in 2009 fell below the 95% CI 
for 2005-2008 during several weeks. Between weeks 22-28, discharges were above the 
95% CI corresponding to the 2009 H1N1 influenza pandemic. During weeks with low 
activity during fiscal years 2005-2008, there was a baseline of 200-250 discharges, with a 
peak at approximately 375 cases during week 9. Activity during 2009 peaked at week 10 
with 375 discharges and then at week 26 with 275 discharges, compared to approximately 
200 for 2005-2008. This comparison indicates lower ILI activity during fall 2008, but 
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unusually high frequency of ILI discharges during spring and summer 2009 
corresponding to the 2009 H1N1 influenza pandemic.  
 Compared to the maximum and minimum criteria, baseline counts were 
approximately 50% higher within maximum criteria (Figure 2.1: baseline of 400-500 
discharges during weeks with low activity). Baseline activity for the minimum criteria 
was approximately zero during fall and summer months. Activity in 2009 within the 
max/min criteria peaked at week 10, and week 25-26. Compared to the max/min criteria, 
trends shown in Figure A.1 indicate that, although baseline frequencies are quite different 
between the three criteria, these intermediate criteria have similar patterns of ILI 
frequency compared to the max/min criteria shown in Figures 2.1 and 2.2. Moving 
forward in Aims 2 and 3, the study population is defined using these intermediate criteria. 
Based on hospital report data between April 25-September 30, 2009, there were 
177 people hospitalized in Massachusetts with confirmed 2009 H1N1 influenza infection. 
If I apply the ‘undercount’ calculations [19], this number represents approximately 478 
actual hospitalized cases and is closer to the totals found using the minimum criteria 
(n=601) compared to the maximum criteria (n=10,967). For comparison, I cannot 
determine precisely how many influenza-related hospitalizations occurred during the 
same time period in prior years between April and September since influenza-related 
hospitalizations have no standard reporting protocol, and prior estimates do not exist. 
Without a population-based data source with reliable estimates of confirmed influenza 
infection, the estimates provided in this assessment describe a range of possible 2009 
H1N1 influenza-related hospitalizations based on published evidence and methodology.  
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Specific to the 2009 H1N1 influenza pandemic, hospital discharge coding practice 
could have changed throughout the duration of the epidemic since increased coverage of 
the epidemic in the media could influence provider perception, and could influence their 
diagnoses assigned to patients. To address this, I analyzed individual codes in our 
maximum selection criteria to discover which were used to flag ILI between April 26- 
July 15 and July 16-September 30, 2009. Between April 26-July 15, 2009 there were 
7,050 total codes used to flag ILI, and 439 (6.2%) were influenza-specific codes. 
Between July 16-September 30, there were 4,570 total codes used to flag ILI, and 114 
influenza-specific codes (2.5%) indicating that the overall use of ILI and influenza-
specific codes were used more often in the first time period of the epidemic compared to 
the second time period. These findings are consistent with another study that reported ILI 
coding trends during the 2009 H1N1 influenza pandemic [45], also indicating that 
influenza-specific diagnosis codes were also more likely to be used in the beginning of 
the pandemic compared to the end, and codes indicating influenza symptoms (such as 
cough, fever and pneumonia) were used to identify influenza cases more often later in the 
pandemic.  
Physicians’ perceptions of influenza incidence could have been influenced by 
media coverage of the magnitude of the epidemic, and could have increased the 
frequency of diagnoses assigned to patients. However, it is difficult to determine if 
consistent coding practice occurred throughout the duration of the epidemic. Since 
influenza-specific codes are the most specific indicator of influenza in administrative data 
sources using ICD-9 codes, and if they’re going to continue to be used as an accurate 
indicator of influenza, coding practice should encourage the consistent use of these codes. 
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Comparing characteristics of 2009 H1N1 influenza and seasonal influenza populations 
One could argue that the smaller, influenza-specific population could be a more 
accurate and realistic picture of actual influenza activity. Most epidemiological reports 
described in the literature rely on confirmed hospital case report data to describe 2009 
H1N1 influenza cases. I have used two selection criteria to describe patients hospitalized 
with influenza and ILI. Although the methodology of case identification in our study is 
different than hospital case reporting, I have shown consistent results between published 
reports and the minimum selection criteria. I found that those who received influenza-
specific diagnosis codes overrepresented non-White minority groups, were younger in 
age, more likely to be male, and had higher rates of ICU admission compared to those 
who met the more broad criteria. Other characteristics of the influenza-specific group 
suggest that, of the two criteria used, this group may be a more accurate estimate of 
actual influenza activity. Those with 2009 H1N1 influenza had higher rates of ICU 
admission compared to those with seasonal influenza. This is consistent with another 
published assessment restricted to a metropolitan area in the United States [36]. Also 
shown in the literature, 2009 H1N1 influenza affected all age groups, but frequently 
occurred in previously healthy, young adults with a wide range of socio-demographic 
characteristics and clinical presentations [3]. In the Northern Hemisphere, hospitalized 
patients with confirmed or probable 2009 H1N1 influenza infection ranged in age from 
21 days to 86 years, but 45% of hospitalized cases were under the age of 18 years, and 
only 5% of cases were 65 years of age or older [6]. State reports based on laboratory-
confirmed 2009 H1N1 influenza data indicate that 45% were <19 years, 33% 19-49 
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years, 15% 50-64 years, and 7% ≥65 years [4]. This is consistent with what I found in the 
minimum criteria (50% were <18 years), but not the maximum (23% were <18 years, and 
51% were aged 45-64 years). In fact, the maximum criteria showed a greater distribution 
of 45-64 year olds during the 2009 H1N1 influenza pandemic compared to prior seasonal 
influenza seasons.  
Similar trends existed in relation to race/ethnic group characteristics. Unpublished 
statewide 2009 H1N1 influenza epidemiological data suggests that there have been 
disproportionate numbers of laboratory-confirmed and hospitalized 2009 H1N1 influenza 
cases among certain racial/ethnic groups in Massachusetts. The Massachusetts DPH 
found that rates of lab-confirmed 2009 H1N1 influenza-related hospitalization were three 
to four times higher in Black and Hispanic populations compared to White, non-Hispanic 
populations (Alfred DeMaria, MDPH, personal communication, 2010). Furthermore, the 
CDC reports greater proportions of hospitalizations and deaths among particular ethnic 
groups in Chicago [46] and among American Indian/Alaskan Natives compared to other 
racial groups [47]. From our analyses, I can see that both 2009 H1N1 influenza selection 
criteria have higher proportions of Black and Hispanic groups compared to seasonal 
influenza. However, proportions of non-White race/ethnic groups among those in the 
narrow criteria (47% White, non-Hispanic) correspond more closely to rates in published 
epidemiological reports compared to broad criteria (70% White, non-Hispanic). 
From the results described, it becomes clear that although the maximum criteria 
have been used to describe influenza activity and have correlated with confirmed 
influenza in prior studies [40, 45], these selection criteria may be too non-specific for the 
purposes of influenza case detection among those hospitalized with 2009 H1N1 
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influenza. The maximum criteria utilized in this study display high frequencies of ILI-
related discharges – even during summer months, which is typically outside of the 
influenza season (Figure 2.1). Furthermore, those included in the maximum criteria do 
not correspond with epidemiological descriptions presented in the literature, the total 
caseload between Apr-Sept 2009 (n=10,976) could be a gross overrepresentation of 
actual hospitalized cases, and since additional respiratory syndromes are included in the 
maximum selection criteria, misclassification due to non-influenza is not a possibility - it 
is a certainty. These results correspond with another recent assessment which found that 
these same criteria did not sufficiently monitor/detect the 2009 H1N1 influenza outbreak, 
had inadequate sensitivity, and poor positive predictive value for identifying ILI cases 
[48].  
However, there are major limitations to using the minimum criteria as an indicator 
for disease activity. Assigning influenza-specific codes to patients in administrative data 
sources is not dependent on confirmed influenza test results, and there is no way, other 
than manual chart review, to confirm if someone who received an influenza diagnosis 
actually had the disease. I was authorized to use this dataset only in a de-identified way, 
and manual chart review was therefore not feasible. Studies investigating the use of ICD-
9 codes to identify influenza cases have found that confirmed-positive pandemic 2009 
H1N1 influenza cases were not uniformly coded as influenza, and nearly 10% of 
confirmed cases were not even captured in a syndromic surveillance ILI algorithm [45] 
further suggesting that there are many difficulties detecting and tracking confirmed 
influenza cases using administrative data sources. Finally, there is a lack of standard 
clinical protocol for coding influenza diagnoses, and it is difficult to understand the 
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process of clinical decision-making related to influenza diagnoses by analyzing ICD-9 
codes.  
 
Limitations 
Reports of those with self-reported ILI symptoms during the 2009 H1N1 
influenza pandemic in the U.S. indicate that 40% of adults and 56% of children sought 
health care [49]. Because the HDD only includes those hospitalized with 2009 H1N1 
influenza, I was not able to compare this hospitalized population to non-hospitalized 
2009 H1N1 influenza cases to see differences in demographics, diagnoses, or outcomes.  
 
Conclusions 
This is the first population-based assessment of epidemiological characteristics of 
hospitalized 2009 H1N1 influenza cases in Massachusetts, and it is the first to include all 
possible hospitalized cases in the analysis. I found that large administrative data sets, like 
HDD, can be used to detect hospitalizations for influenza during a pandemic, but 
estimated case counts vary widely depending on the selection criteria used.  I compared 
selection criteria currently in use for surveillance and case detections (maximum criteria) 
with influenza-specific ICD-9 diagnosis codes (minimum criteria), and have provided a 
range of 2009 H1N1 influenza-related hospitalizations. The maximum criteria 
overestimated 2009 H1N1 influenza activity, and I do not recommend using these criteria 
to characterize the epidemiology of influenza study populations. Those meeting 
minimum criteria most closely resemble published descriptions of 2009 H1N1 influenza-
related hospitalizations and meet the expected influenza case count, and I recommend 
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using the minimum criteria to describe populations hospitalized with influenza, despite 
the limitations noted above. I can confirm that 2009 H1N1 influenza affected a younger 
population, and disproportionately affected racial minorities in Massachusetts. There 
were also higher rates of ICU admission compared to seasonal influenza.  
Reporting population-level rates of disease, however, is challenging without large 
databases containing confirmed disease indicators. Improving the quality of population-
based data sources with reliable indicators of influenza could provide reasonable 
indicators of disease. For now, however, one of the best ways to report disease activity in 
the U.S. is through ICD-9 codes, which may not necessarily reflect care given or 
individual symptoms while in the hospital. With this in mind, future work should 
establish a ‘best practice’ for influenza case identification within administrative data 
sources to more accurately identify and describe population-based rates of disease, 
severity, and mortality.  
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CHAPTER III: 
Effect of Race/Ethnicity on 2009 Pandemic 2009 H1N1 
Influenza-Related ICU Stay in Massachusetts 
 
 
Abstract 
Background/objectives: Epidemiological data suggest that there have been 
disproportionate numbers of non-White persons hospitalized due to 2009 pandemic 
influenza (2009 H1N1 influenza) in Massachusetts. We do not yet know if 
socioeconomic status (SES) is significantly associated with outcomes in pandemic 2009 
H1N1 influenza infection. In this study I: 1) calculate 2009 H1N1 influenza-related ICU 
admissions in Massachusetts by race/ethnic group; 2) investigate the association between 
ICU stay and SES; and 3) determine predictors of ICU stay among race/ethnic groups. 
Methods: Using five-digit zip code as an identifier, I linked Census data to those in the 
Hospital Discharge Database (HDD). Census data provide a measure of SES indicator 
through aggregate levels of affluence. I examined the population discharged from any 
acute care hospital in Massachusetts between October 1, 2008-September 30, 2009, and 
calculated ICU rates by race/ethnic groups for those discharged between April 26-
September 30, 2009. I examined whether race/ethnic groups had different levels of SES, 
and used multivariate logistic regression to identify predictors of ICU stay within the 
total study population and within race/ethnic strata. 
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Results: According to our influenza case selection criteria, there were 4,874 2009 H1N1 
influenza-related hospitalizations between April 26-September 30, 2009. 526 (11%) were 
admitted to the ICU. Hispanics admitted to the ICU had the longest length of stay (10.2 
days), nearly two-thirds (62%) were <18 years, and over half (56%) were from the 
poorest SES category. Hispanics were found to have lower risk of ICU stay compared to 
Whites (OR 0.71). Among Hispanics, those <18 years of age or female had higher odds 
of 2009 H1N1 influenza-related ICU stay (OR=2.39 and 2.26). 
Conclusions: This is the first statewide, population-based description of 2009 H1N1 
influenza-related ICU stays according to race/ethnic group and SES. Results indicate the 
feasibility of linking data sources and establishing a measure of socioeconomic affluence 
with a population-based hospital administrative database. Hispanics had significantly 
lower odds of 2009 H1N1 influenza-related ICU stay. SES gradients calculated using 
five-digit zip code information did not account for these differences. Within race/ethnic 
strata, Hispanics <18 years and Hispanic females were at greater risk for 2009 H1N1 
influenza-related ICU stay. Future work should investigate additional evidence related to 
social determinants of health among race/ethnic groups to reduce disparities in relation to 
pandemic influenza. 
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Background/Objectives 
Results from Aim 1 suggest that there were disproportionate numbers of 
hospitalized 2009 H1N1 influenza cases among non-White racial/ethnic groups in 
Massachusetts. Compared to seasonal influenza, ILI discharges during the 2009 H1N1 
influenza pandemic had higher proportions of non-Hispanic Black, (18% compared to 
10%), as well as Hispanics (23% compared to 14%). [50]. The Massachusetts 
Department of Public Health (MDPH) found that rates of lab-confirmed 2009 H1N1 
influenza-related hospitalization were three to four times higher in Black and Hispanic 
populations compared to White, non-Hispanic populations (Alfred DeMaria, MDPH, 
personal communication, 2010). The CDC also reported greater proportions of 
hospitalizations and deaths among Hispanics, Blacks, and Asian/Pacific Islanders [46], 
and American Indian/Alaskan Natives[47] compared to Whites. However, population-
based rates of 2009 H1N1 influenza-related ICU admissions according to specific 
race/ethnic groups have not been reported. One study assessed racial disparities in 
regards to exposure, susceptibility, and access to health care during the US 2009 H1N1 
influenza pandemic [51], and found significant race/ethnicity-related disparities in 
potential risk from 2009 H1N1 influenza. These disparities by race/ethnic group may 
interact with existing health inequalities and contribute to increased mortality and 
morbidity in these subpopulations. Quinn et al. also report that “significant differences in 
access to health care and with greater perceived discrimination in health care place 
Blacks and Spanish-speaking Hispanics at greater risk of receiving later – and perhaps 
poorer – health care” [51]. However, their results are based on self-reported information, 
and the authors of that study could not correlate their findings with actual incidence of 
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2009 H1N1 influenza infections or complications. Other work has reported disparities 
related to 2009 H1N1 influenza-related hospitalizations in the United States, but has used 
self-reported data [52]or surveillance data [53] to characterize 2009 H1N1 influenza-
related hospitalizations. I address these limitations in this study by using a population-
based, hospital discharge database which includes diagnosis codes for all patients 
discharged from all acute care centers during the first wave of the 2009 H1N1 influenza 
pandemic in Massachusetts. 
It is also difficult to assess whether SES is significantly associated with worse 
outcomes from 2009 H1N1 influenza infection. Due to the lack of socioeconomic data in 
most US public health surveillance systems, it is not possible to compare SES across 
race/ethnic groups and measure their contribution to racial/ethnic health disparities [54]. 
For instance, 70% of the 467 US public health objectives for the year 2010 lack 
socioeconomic targets due to an absence in baseline data [55]. However, the 
Commonwealth of Massachusetts has combined statewide surveillance data with zip 
codes from Census data and census tract information to provide measures of health 
outcomes and healthcare utilization [56, 57]. Currently in use at the state level in MA, 
this methodology provides area-based measures for public health surveillance research 
and reporting. 
In this study I utilize a population-based hospital discharge database to report 
2009 H1N1 influenza-related ICU admissions by race/ethnicity. I then employ methods 
previously described in the literature [54, 58] to establish a measure of SES for each 
individual, and report results indicating measures of association of ICU stay and 
race/ethnicity, adjusted for SES, to better understand the relationship between race/ethnic 
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groups, determinants of health, and severity of influenza (indicated by ICU admission). 
Results from this assessment provide vital information about the population burden of 
disease and provide information about disease causation. Study objectives include: 1) 
calculate 2009 H1N1 influenza-related ICU admissions in Massachusetts by race/ethnic 
group; 2) investigate the association between ICU stay and socioeconomic status (SES); 
and 3) determine predictors of ICU stay among race/ethnic groups. 
 
Methods 
Hospital Discharge Database 
I analyzed data from the Hospital Discharge Database (HDD), which is a population-
based, patient-linked listing of all hospital discharges in Massachusetts and includes up to 
15 ICD-9-coded discharge diagnoses for each patient [26]. The HDD contains discharge 
data for all inpatients discharged from all 76 acute care hospitals in Massachusetts. This 
data source contains comprehensive information including socio-demographic data, 
clinical data, and charge data, with a total of 377 variables. Patients met the following 
inclusion criteria: 1) discharge from any acute care hospital in Massachusetts between 
October 1, 2008-Sept 30, 2009; 2) assigned one or more diagnosis codes corresponding 
to a grouping of International Classification of Diseases, Ninth Revision (ICD-9) codes 
used to identify ILI; and 3) less than 65 years of age. The following groups were 
categorized in the HDD as an indicator of race/ethnicity: 1) White, non-Hispanic; 2) 
Hispanic; 3) Black, non-Hispanic; and 4) Other - including the following groups: Asian 
(n=276), American Indian/Alaska Native (n=14), Other (n=221), and Unknown (n=200). 
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U.S. Census 2000 data as a measure of socioeconomic status (SES) 
Using five-digit zip code as an identifier, I linked Census data to those in the HDD 
population. Census data provide a measure of socioeconomic status (SES) indicator 
through aggregate levels of affluence. SES measures are based on the percentage of 
people living below the 100% of poverty line in an area code. In prior work, these 
indicators have been used to categorize SES and to provide guidance for identifying 
connections between income and mortality [54, 59, 60]. Records contained zip code 
information and were linked to census information containing ‘% below poverty’ 
indicators.  Two percent (2%) of those admitted with ILI between April 26-Sept 30, 2009 
(n=102) were excluded because of missing zip code information.  
The area-based socioeconomic measure available for analysis was the five-digit 
zip code level. For 2000 census data, the poverty line (which varies by household size 
and age composition) was equal to $16,895 for a family of two adults and two children 
[61]. Categories of measures of SES were separated on the basis of previous analyses[54, 
60] as follows: 1) Highest: 0-4.9% of persons living below poverty; 2) Upper middle: 5-
9.9% of persons living below poverty; 3) Lower middle: 10-19.9% of persons living 
below poverty; and 4) Lowest: ≥20% (corresponding to the federal definition of poverty 
area[62]).  
 
ILI selection criteria and study outcome 
Selection criteria correspond to a variation of a list of codes validated against 
virologic results in a study evaluating code-based syndromic surveillance for ILI. These 
codes correlated highly with positive viral specimens in prior research [40]. My previous 
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work (Chapter II) found that inclusion of the ICD-9 code for ‘Pneumonia, organism 
NOS’ (486.0) led to misclassification of hospitalized ILI cases during the 2009 H1N1 
influenza pandemic [50]. I therefore excluded it in this study (Table 3.1). For sensitivity 
analysis, I conducted the same analyses using the ‘maximum’ and ‘minimum’ definitions 
from Chapter II (results shown in Appendix). I have also included the diagnosis code for 
novel influenza A (2009 H1N1 influenza, 488.1) introduced in June 2009. Nationwide 
U.S. influenza data indicated that only 7% of 2009 H1N1 influenza-related 
hospitalizations occurred in those ≥65 [4], so those ≥65 years of age were excluded from 
the study population to minimize misclassification bias introduced by non-influenza 
cases. The outcome is ICU admission determined by ICU-related diagnosis codes. 
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Table 3.1: Influenza case selection criteria summary 
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Time period selection 
Confirmed-case laboratory specimen data from the Massachusetts State 
Laboratory indicated that between April 19-October 1, 2009, 99% of influenza virus 
isolates were 2009 H1N1 influenza. In addition, 34% of all submitted specimens were 
positive for 2009 H1N1 influenza [39]. This time interval occurred before 2009 H1N1 
influenza vaccine was released and therefore it represents a unique time to study the 
impact of the virus prior to the availability of immunization. Prior to April 26, 2009, 
seasonal influenza activity was common in Massachusetts: April 26 marks the first date 
that 2009 H1N1 influenza was detected, and September 30 marks the beginning of the 
influenza season. 
 
Statistical analysis 
The statistical analysis involved four steps. All analyses were conducted in SAS v. 9.2 
and STATA v.11.2. In step 1, I determined the population of those discharged from any 
hospital in Massachusetts between October 1, 2008-September 30, 2009, and described 
the population characteristics by race/ethnic groups for those discharged between April 
26-September 30, 2009. Population-based rates were calculated using U.S. Census (2010) 
and American Community Survey (2006-2010) data, and denominator calculations are 
included in the Appendix. In step 2, I linked the HDD study population to Census 2000 
‘percent of residents living below poverty’ indicator by 5-digit zip code. I then quantified 
each race/ethnic group’s socioeconomic gradient to examine whether race/ethnic groups 
had different levels of SES. In step 3, I examined whether SES predicts mortality/severity 
to determine if SES is associated with ICU stay. The hypothesis is that the more affluent 
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groups have better access to high-quality healthcare, better health-seeking behavior, and 
more means to attain and maintain good health, which results in lower risk of ICU stay. 
Conversely, lower SES groups would have higher risk of ICU stay as a result of increased 
risk of complications from influenza as a result of less access to quality health care, less 
means to prevent influenza infection/treatment, or other issues such as distrust of 
healthcare professionals/medical centers, or cultural or language barriers. Thus, one 
would expect to see increasing risk of ICU stay as SES decreases. In step 4, I explored 
the contribution of socioeconomic inequalities in the analysis. If, after adding a measure 
of SES to the null model examining the association between race/ethnic groups and ICU 
stay, there is an attenuation of the estimate coefficient, I can indicate that SES mediates 
the association between race/ethnicity and ICU stay.  
I utilized three models to conduct the SES mediation analysis. Model A refers to 
the null model investigating the association between ICU stay and race/ethnic group 
(White, non-Hispanic as reference group). Model B adds the measure of SES to adjust for 
socioeconomic gradient (0-4% of residents living below poverty as reference group). 
Model C refers to the full multivariate model investigating the association between ICU 
stay and race/ethnicity adjusted for SES, age, sex, admission into the hospital through the 
emergency department (ED admission) and outpatient department, and length of stay in 
the hospital (days). I applied Model C to the full study population to determine predictors 
of 2009 H1N1 influenza-related ICU stay within the full population. In order to address 
selection bias and confounding within race/ethnic strata, I stratified the full study 
population by race/ethnic group and applied the full multivariate model to investigate 
predictors of 2009 H1N1 influenza-related severity by race/ethnicity. 
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The full model adjusts for patient-level effects such as age, admission type, length 
of stay, etc. to calculate the risk of ICU admission. The models identify factors that 
confound the relationship between mortality/severity and race/ethnicity. Results from 
these models indicate risk of ICU admission with odds ratios (OR) by modeling the 
yes/no (0/1) outcome variable as a function of a predictor x using a relationship shown in 
the following equation: 
Unadjusted model: E[Y1] =  β0+ e(pop) 
Adjusted model: E[Y1] =  β0 + β1x1 + β2x2 + β3x3 + … + e(pop) 
 
This model states that the odds of the outcome is linearly related to x, with 
intercept coefficient β0, and slope coefficient β1,2,3,etc.. The x’s are variables that explain 
variation in the outcome variable (y), e is the population-level average term appropriate 
for the marginal random effects model. For example, a full multivariate model is 
expressed as the following equation: 
E[Y1] (1/0) =  β0 + β1(age) + β2 (race/ethnicity) + β3(gender) + β4(SES) + 
β5(source of admission) + β6(length of stay)… + e(pop) 
 
To address selection bias by race/ethnic group, I stratified the full model by 
race/ethnic group. Results of the stratified models will provide information about 
independent patient-level variables to inform and target more specific subgroups at 
highest risk. Results indicate risk of ICU admission with odds ratios (OR) by modeling 
the yes/no (0/1) outcome variable as a function of a predictor within the specified 
race/ethnic group. For example, one strata may be the following: 
For Black, non-Hispanic individuals: E[Y1] (1/0) =  β0 + β1(age) + β2 (gender) + 
β3(SES) + β4(source of admission) + β5(length of stay)… + epop 
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 I used a marginal random effects model to provide population-based estimates. 
This random effects model incorporates population-level correlation into the statistical 
model, and provides coefficients that “…have the interpretation as the average change in 
the response (over the entire population) for a unit change in the predictor.” [63]. Since 
the data source is a population-based hospital discharge data set and all MA acute care 
hospitals are included in the model, using a population-averaged random effects logistic 
model adjusts for random differences between all MA hospitals, and is the most 
appropriate approach for providing meaningful coefficients and estimates of statistical 
variance in this analysis. 
 
Results 
ICU admission rates by race/ethnic group 
4,874 individuals met inclusion criteria. Specific characteristics of the study population 
stratified by race/ethnic group are shown (Tables 3.2 and 3.3). Among the four groups, 
the mean age of Hispanics and Other races were the lowest (21 years), and White, non-
Hispanics had the highest mean age (35 years). Rates of ILI were highest among 
Hispanic and Black populations (Table 3.2, 13 and 15 cases per 10,000 population, 
respectively, compared to 7 cases per 10,000 among White, non-Hispanics).  Among 
Hispanic and Black groups, there were also higher population-based rates of those <18 
years (18 and 19 compared to Whites with 8 cases per 10,000 people), higher ICU rates, 
and higher percentages of those indicating their income was below poverty level in the 
past 12 months (19.8% and 30% compared to 7.7%). 
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Overall, there were higher rates of ILI, and higher population-based rates of 
younger individuals among Hispanic and Black groups. Population-based rates by race 
(Table 3.2) are consistent with findings from Aim 1, as well as other published 
epidemiological descriptions. Among those hospitalized, White, non-Hispanics had the 
longest average length of stay (3.7 days), and Hispanics had the lowest ICU rate (8%) 
(Table 3.3). 
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Table 3.2: Study population by race/ethnicity, population-based rates calculated using 
U.S.Census 2010 data (n=4,874) 
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Table 3.3: Study population by race/ethnicity, rates calculated using Hospital Discharge 
Database 2009 data (n=4,874) 
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527 individuals were admitted to the ICU (Tables 3.4 and 3.5). There were not 
large differences between population-based rates of those admitted to the ICU by r/e 
group (Table 3.4). Rates of those <18 years admitted to the ICU were double among 
Hispanic and Blacks (2/10,000) compared to White, non-Hispanics (1/10,000). 
Demographics of those not admitted to the ICU are similar to those shown in 
Table 3.2, therefore we can see that the trends shown in Table 3.2 may be driven by those 
not in the ICU, since ICU admissions accounts for a small percent of the population. 
Within the hospitalized HDD population, there were more men, and an older 
mean age among those in the ICU among White and Black groups (Table 3.5). There 
were also higher death rates, higher rates of admission through the ED, and longer 
lengths of stay among those in the ICU. Hispanics admitted to the ICU had the highest 
length of stay (10.2 days), nearly two-thirds (63%) were <18 years, 58% were female, 
and over half (56%) were from the lowest SES gradient – the highest percentage of all 
race/ethnic groups (Table 3.5). However, since no differences were shown among those 
in ICU by gender and race in Table 3.4, overall distributions within age, sex, and 
race/ethnic groups shown in Table 3.5 reflect the underlying differences of the 
hospitalized HDD population. 
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Table 3.4: Number (rate) of 2009 H1N1 influenza-related and 2008-09 seasonal 
influenza-related hospital discharges associated with risk factors, be race/ethnic group, 
population-based rates calculated using U.S.Census 2010 data (n=4,874) 
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Table 3.5: Study population by race/ethnic group and ICU stay, rates calculated using 
Hospital Discharge Database 2009 data (n=4,874) 
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SES gradients according to race/ethnic groups and the association between SES and ICU 
stay 
 
Statewide, there are differences in SES by race/ethnic group as indicated by the 
percent of people living below the poverty line (Table 3.2). According to American 
Community Survey Data between 2006-2010, 30% of Black, non-Hispanics and 19.8% 
of Hispanics report living below the poverty line within the past 12 months compared to 
7.7% of Whites, Within the HDD population, thirty-one percent (33%) of Whites are in 
the highest SES group (Table 3.3), compared to 4% Hispanics and 11% Blacks. 
Inversely, almost half of all Hispanics (49%) and 40% of Blacks are in the lowest SES 
group compared to just 6% of Whites. Of Whites admitted to the ICU (Table 3.5), only 
6% are in the lowest SES group, compared to 56% Hispanic, and 34% Black. These 
comparisons indicate that large differences exist in respect to SES gradients among 
race/ethnic groups. 
 
Multivariate logistic regression models investigate the association between ICU stay and 
race/ethnic groups 
 
 In Models A, B, and C (Table 3.3), Hispanics have lower risk of ICU stay 
compared to Whites (OR 0.73, 0.70, and 0.71 respectively, p<0.05). Adjusting for SES 
(Model B) did not attenuate the estimate coefficient for ICU stay.  
 In the multivariate model including all independent variables within the total 
population (model C), Hispanics are at lower risk for ICU stay compared to Whites 
(0.71). Other races were shown to have a statistically significant increased risk in the 
multivariate model (OR=1.60). Additional statistically significant findings include those 
in the upper middle SES group compared to the highest SES group (OR=0.75), those 
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with ED admission (OR=1.33), and those with increasing length of stay (OR=1.15 for 
each day). In regards to the goodness-of-fit measure, model C explains a larger 
proportion of variability of the model (10%) compared to model A (1%). 
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Table 3.6: Results from univariate and multivariate logistic regression models 
investigating the association of race/ethnic groups and ICU stay, April 26-Sept 30, 2009 
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There were different predictors of 2009 H1N1 influenza-related ICU stay when I 
stratified by race/ethnic group (Table 3.4). Among Whites, females had lower odds of 
ICU stay (OR=0.77). Among Hispanics, those in the upper middle SES group were much 
less likely to be admitted to the ICU (OR=0.05), whereas being female, young (<18 
years), having an ED admission increased risk of ICU stay (OR=2.26, 2.39, and 3.06, 
respectively). However, Black, non-Hispanic females had lower odds of ICU stay 
(OR=0.56), and those with ED admission were at increased risk of ICU stay (OR=2.41). 
Increasing length of stay (by each consecutive day) was increased risk of ICU stay among 
each race/ethnic group. 
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Table 3.7: Results from full multivariate model, and stratified by race/ethnic group 
investigating the association between specific race/ethnic groups and 2009 H1N1 
influenza-related ICU stay, April 26-Sept 30, 2009 
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Sensitivity Analysis 
A sensitivity analysis was performed in order to determine whether different case 
selection criteria would lead to different trends in race/ethnic groups, levels of SES, and 
risk of ICU stay (Table 3.1). Differences exist between the epidemiological 
characteristics of selection criteria used for Aim 2, and maximum/minimum criteria 
described in Aim 1. Sample sizes are greatest in the maximum criteria (n=9,737), the 
largest group of all three criteria, and smallest in the minimum criteria (n=599). By 
excluding the code for ‘pneumonia’ (486.0), the intermediate criteria are one-half the size 
of the maximum criteria (n=4,874). However, comparing Table A.3 to Table 3.2, similar 
trends become apparent. Consistent with results shown in Aim 1, there are greater 
population-based ILI rates among Hispanic and Black populations compared to White, 
non-Hispanics among gender and age group breakdowns. However, there were not 
consistently higher ICU rates among Hispanic and Black sub-populations among those 
meeting maximum/minimum criteria (Table A.3), which was shown when using the 
intermediate criteria (Table 3.2). 
There are some similarities and contrasts between selection criteria. This indicates 
that specific selection criteria may affect regression results slightly, but main 
epidemiological characteristic trends are similar between the three groups. There is a 
significantly lower risk of ICU admission among Hispanics in the full model using 
maximum selection criteria (OR=0.75, located in the ‘All’ column) (Table A.4). Similar 
to results shown using intermediate criteria, there is decreased risk for ICU admission 
among White (0.87) and Black (0.70) females and increased risk among Hispanic females 
(1.60) within the stratified models (Table A.4). Contrary to results shown in Table 3.7, 
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however, there is not an increased risk for Hispanics <18 years (OR=2.39) using the 
maximum criteria (OR=0.97, not statistically significant). These trends are not apparent 
in the regression models for the minimum criteria, however. Due to sample size, some 
similar trends exist within the full model (ie: lower risk of ICU stay among Hispanics is 
OR=0.63) but are not statistically significant. In addition, results from Hispanic strata are 
not available due to instability of the model as a result of small sample sizes. 
Discussion 
This study demonstrates the feasibility of linking data sources and establishing a 
measure of socioeconomic affluence with a population-based hospital administrative 
database. The ability to establish a SES measure allows for the monitoring of US 
socioeconomic inequalities in regards to influenza-related outcomes. The SES results are 
not likely due to misclassification from incorrect or unidentified five-digit zip code. I 
found 98% of records contained zip code information whose accuracy is verified annually 
by MDPH (Sylvia Hobbs, MDPH, personal communication, 2011). The methods I have 
outlined above, however, should not be used to interpret zip-code level information as a 
proxy for individual-level information. These, also discussed in other prior analyses [58], 
are based on individuals categorized in relation to the socioeconomic situation within 
their immediate residential area. Therefore, using zip code as an indicator for SES 
captures a mix of individual-level as well as area-based socioeconomic effects. 
Regression results indicate that there were statistically significant differences 
among race/ethnic groups in 2009 H1N1 influenza-related ICU stay, and different 
predictors of ICU stay among race/ethnic groups. Hispanics had significantly lower odds 
of ICU stay, and Other races had higher risk compared to White, non-Hispanics. Among 
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Hispanics, being young or female increased risk of 2009 H1N1 influenza-related ICU 
stay.  
To better understand why specific race/ethnic groups may be more likely to 
require hospitalization from pandemic influenza, or suffer from more severe 
complications, there are theories related to different levels of exposure, healthcare access, 
treatment, and health due to social determinants. One of the theories explaining the 
higher incidence of 2009 H1N1 influenza infections among certain race/ethnic groups is 
the contribution of these different determinants of health – combining measures of SES 
and geographic location as I have done in this study [64]. The mechanisms contributing 
to health inequalities among different SES groups is a complex interplay among the 
following factors: a) composition – people in poorer areas have worse health because 
poor individuals have poor health; b) context – people in poorer areas have worse health 
because a concentration of poverty creates or worsens harmful social interactions; and c) 
location of public facilities, such as supermarkets or health clinics, and environmental 
pollution contribute to worse health [64, 65].  
Contrary to our proposed hypotheses, however, I did not find that there was a 
significant association between SES and H1N1-related ICU stay by race/ethnic group. 
The literature indicates that risk of mortality increases as income level decreases – 
especially among those whose family income is below the median (equal to $20,190 in 
1991, 3.2 times the poverty level) [59]. Thus, efforts to decrease socioeconomic 
inequalities – especially among pandemic-related outcomes - may have the greatest 
impact if focused on low-income populations. I did not find that SES mediates the 
association between ICU stay and race/ethnic groups. I may have been limited by the use 
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of 5-digit zip code. Previous research has shown that census tract (CT)-level data for SES 
indicators consistently detected expected socioeconomic gradients in health across a wide 
range of health outcomes [54, 60]. I could not explore CT-level data, however, since I 
received study approval using only fully deidentified data. Five-digit zip code data was 
available for each individual in the HDD population, but CT-level data was unobtainable. 
Future analyses linking CT-level measures of SES and influenza-related discharges may 
establish measures of association with more granularity and significance. 
Consistent with these results, otherwise healthy, young individuals were primarily 
affected during the 2009 H1N1 influenza pandemic throughout the Northern Hemisphere 
[37]. A person’s age affects the seriousness of influenza in terms of susceptibility, course 
of illness, and treatment. I found that those in the Hispanic group were generally younger 
than the other race/ethnic groups. Demographics within the Hispanic group were also 
different: this group has the lowest ICU rate, lower ED admission rate, and much higher 
rates of those in the lowest SES group compared to other race/ethnic groups.  Within the 
Hispanic group (Table 3.4), those <18 were more than twice as likely to have an ICU stay 
(OR=2.39). There are several reasons why young Hispanics may have been at increased 
risk for ICU stay. Younger individuals – especially among non-White minority groups - 
were considered at greater risk for 2009 H1N1 influenza-related complications. Some 
studies suggest that those born before 1944 may have prior immunity to 2009 H1N1 
influenza [24]. Younger individuals may be more likely to seek treatment for 2009 H1N1 
influenza-related illness, since community-based surveys have found that self-reported 
ILI is more common among younger individuals compared to older individuals [49]. 
When considering the course of illness for 2009 H1N1 influenza, parents of younger 
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individuals may have been more likely to present with their children, and had exposure to 
the healthcare system. Younger Hispanics may have been more sick, and required in-
hospital ICU stay. On the other hand, older Hispanics may have required less time to 
recover, refused ICU admission, or not required an ICU stay while in-hospital. 
Understanding which of the previous scenarios occurred is not possible in this study since 
I did not have access to medical chart information to explain the course of each 
individuals’ illness or healthcare decisions. However, there are clear differences among 
race/ethnic groups that could be attributable to both sociological and biological factors, 
which should be explored in future work. 
Gender-related factors are also important to consider. Of all race/ethnic groups, 
only Hispanic women were at a significantly higher risk of ICU stay (Table 3.7, 
OR=2.26). The literature has shown that pregnant women, particularly in their third 
trimester, were considered at high risk for 2009 H1N1 influenza-related complications 
[66]. I identified those with ICD-9 codes corresponding to pregnancy3. There were a total 
of 109 women with diagnoses corresponding to pregnant conditions or complications. 
Twenty-eight percent (28%, n=31) of pregnancies occurred in Hispanic women compared 
to 52 (48%) in Whites, and 14 (13%) in Black women. The disproportionately high 
number of pregnant Hispanic women may partially explain the increased risk of 2009 
H1N1 influenza-related ICU stay among Hispanics <18 years and Hispanic women. I 
expect that pregnant women would have been at higher risk for 2009 H1N1 influenza-
related complications, but since the total number of pregnant women was so low, there 
could be additional gender-related issues present among Hispanic women causing 2009 
H1N1 influenza-related ICU stay. 
3 ICD-9 codes 630.0-679.9 correspond to pregnancy or pregnancy-related complications. 
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Other studies have shown that language spoken influences access to care and 
receipt of preventive services among US Hispanics [67]. Specific to 2009 H1N1 
influenza, there are disparities among exposure, susceptibility, and access to health care 
most notably among Spanish-speaking Hispanics which may exacerbate existing health 
inequalities and could contribute to increased severity and mortality in these populations 
[51]. These results indicate that language spoken, cultural barriers, racial discrimination, 
and distance could still be considerable barriers to adequate healthcare among Hispanics 
– especially during pandemic influenza settings. I was not able to identify by primary 
language spoken among the Hispanic population, but future assessments might address 
this difference. 
Healthcare access could explain why specific race/ethnic groups have different 
rates of 2009 H1N1 influenza-related hospitalizations and ICU admissions. The 
Commonwealth of Massachusetts enacted comprehensive healthcare reform in April 
2006 requiring all state residents to carry a minimum level of health insurance, subject to 
penalties for noncompliance starting in 2008 [68]. This healthcare reform, which 
included a health insurance mandate, has been associated with significant increases in 
insurance coverage and access, and the effects of the reform have been shown to be 
greater for disadvantaged populations [69]. Coverage reports indicate over 99% health 
insurance coverage within Massachusetts, although some groups are still difficult to reach 
– especially subpopulations where English is not the primary language. Near-universal 
health insurance coverage in MA has ensured that lack of health insurance is less of a 
barrier to healthcare, however, access to healthcare is still a considerable problem.  
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Furthermore, the age distribution of the Hispanic group indicates that Hispanics 
may be seeking more primary pediatric services at acute care centers in MA. I 
investigated other diagnoses to determine if this pattern exists in reference to other 
conditions as well. In addition to ILI-related diagnoses, I looked at diagnoses related to 
‘asthma’ and ‘diabetes4’. In both sets of diagnoses, rates of Hispanics and Blacks in 
relation to Whites were higher than expected given the proportion of MA population they 
comprise. This indicates that non-White minority groups have overall hospital discharge 
rates that are disproportionately large for their populations. I could not determine how 
readily all individuals were able to access healthcare in this study, but I did determine 
that there was random variation of geographic distribution of each race/ethnic group 
across MA based on 5-digit zip code information. Establishing a measure of access to 
healthcare was not possible in this study since this was a retrospective analysis of 
administrative data. 
 
Limitations 
At the time of this study, Census 2010 data was not yet available for the statistical 
analysis and data linkage. I used Census 2000 data to characterize 2009 zip code areas. It 
is possible that SES groups may have changed in this timeframe – especially in urban 
areas where there is likely to be high rates of population change due to frequent 
relocation. 
 
 
4 ‘Asthma’ corresponds to ICD-9 codes 493.0 493.1-.2 and 493.8-.9. ‘Diabetes’ corresponds to codes 
249.0-250.9. 
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Conclusions 
This is the first statewide, population-based description of 2009 H1N1 influenza-
related ICU stays according to race/ethnic groups and socioeconomic status in 
Massachusetts. Main results indicate that compared to Whites, Hispanics had 
significantly lower risk, and Other races had significantly higher risk of 2009 H1N1 
influenza-related ICU stay. SES gradients calculated using five-digit zip code 
information did not account for these differences. Within race/ethnic strata, Hispanics 
<18 years and Hispanic females were at greater risk for 2009 H1N1 influenza-related 
ICU stay. Further work should determine specific risk factors and preventive measures 
among these demographics. These results highlight the feasibility and importance of 
monitoring race/ethnic differences in regards to pandemic influenza susceptibility and 
severity, especially in relation to US socioeconomic inequalities. Future work should 
investigate social determinants of health – such as environmental factors, SES, education, 
and income – among race/ethnic groups to guide resource allocation and reduce 
disparities in relation to pandemic influenza preparedness.  
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CHAPTER IV: 
Effect of Age and Comorbidity on 2009 Pandemic 2009 
H1N1 Influenza-Related ICU Stay in Massachusetts 
 
 
 
Abstract 
Background/Objectives: Risk factors for severe 2009 H1N1 influenza infection have 
been shown to be similar to those for seasonal influenza, with some notable differences, 
such as younger age groups and obesity. However, statewide population-based 
comparisons of predictors of severe seasonal influenza and 2009 H1N1 influenza by age 
strata have not been conducted in the United States, and we do not know how 
comorbidity measures compare between age strata or between influenza seasons. In this 
study I calculate measures of comorbidity for patients ≤65 years of age discharged from 
all Massachusetts acute care centers with influenza-like illness (ILI) between October 1, 
2008 and September 30, 2009. Specific study objectives include: 1. Compare comorbidity 
measures by age group for those hospitalized during the 2009 H1N1 influenza pandemic 
and seasonal influenza time period in 2009; 2. compare risk factors for ILI-related ICU 
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stay for those hospitalized during the 2009 H1N1 influenza pandemic and seasonal 
influenza time period. 
 
Methods: I identified those discharged with ILI-related diagnoses between October 1, 
2008-April 25, 2009 and 2009 H1N1 influenza-related diagnoses between the time period 
of April 26-September 30, 2009 in the Hospital Discharge Database (HDD), calculated 
ICU admission rates and described demographics by age group. I calculated the 
Diagnostic Cost Group (DxCG) risk score for each individual in the study population as a 
measure of comorbidity. Using random effects logistic regression models, I identified and 
compared predictors of 2009 H1N1 influenza- and ILI-related ICU stay within the full 
study population, and within age strata. 
Results: Average DxCG scores were similar for both 2009 H1N1 influenza and seasonal 
influenza time periods (0.69 and 0.70). There were higher ICU admission rates among 
those <45 years during the 2009 H1N1 influenza time period, and a larger number of 
deaths among those <18 years during the 2009 H1N1 influenza pandemic compared to 
the seasonal influenza period in Massachusetts. Results from the full multivariate model 
indicate that compared to those 45-64 years old, those <5 yrs, 5-12, and 13-18 yrs had 
increased risk for 2009 H1N1 influenza-related ICU stay (OR = 1.40 [CI: 1.04-1.88], 
2.01[1.38-2.93], and 2.26 [1.47-3.48], respectively). Females or Hispanics had lower 
odds of ICU stay (OR = 0.76 [.63-.93] and 0.66 [.47-.90] respectively). For all, increased 
DxCG score was associated with ICU stay (OR=2.20 [1.98-2.44] for each incremental 
increase in score). Within the 2009 H1N1 influenza cohort, a diagnosis for asthma among 
those <5, 5-12, and 13-18 years (OR=2.66 [1.63-4.34], 3.43 [1.53-7.68], 3.74 [1.55-9.02], 
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respectively), and pregnancy among those 26-44 years (OR=4.09 [1.47-11.35]) increased 
risk of ICU admission. Obesity did not predict 2009 H1N1 influenza-related ICU 
admission with any statistical significance. 
Conclusions: This is the first study to report population-based statewide outcomes by age 
strata in all acute care centers in MA during the first wave of the 2009 H1N1 influenza 
pandemic. It is an example of the feasibility of conducting risk-based score calculations 
in large hospital administrative databases. Main results indicate that, despite higher ICU 
rates and numbers of deaths in the 2009 H1N1 influenza group, DxCG scores were 
similar between both time periods. In both groups, those <18 years of age were at 
increased risk of ICU stay, compared to those 45-64 years of age after adjusting for 
comorbidity, and increasing DxCG score increased odds for ILI-related ICU admission. 
From these results, I conclude that although groups had similar comorbidity scores, 2009 
H1N1 influenza caused more severe disease in younger age groups compared to seasonal 
influenza among those ≤65 years of age. 
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Background 
The emergence and spread of the novel influenza A (2009 H1N1 influenza) virus 
resulted in extraordinary influenza activity across the United States throughout the spring, 
summer and fall of 2009 [32]. Severe influenza infection typically occurs in the very 
young, the elderly and those with comorbid diseases [5]. However, studies have shown 
epidemiological differences between seasonal and 2009 H1N1 influenza patients by age 
strata. The median age of hospitalized 2009 H1N1 influenza cases was younger than 
normally seen with seasonal influenza, where infants with 2009 H1N1 influenza had the 
highest hospitalization rates [22]. Other epidemiological studies have shown that the 
elderly were underrepresented among ill individuals during the 2009 H1N1 influenza 
pandemic. For instance, in North America, 60% of all identified cases were under the age 
of 18 years [23]. In one study, hospitalized patients with confirmed or probable 2009 
H1N1 influenza infection ranged in age from 21 days to 86 years, but 45% of 
hospitalized cases were under the age of 18 years, and only 5% of cases were 65 years of 
age or older [6]. My previously published analysis of statewide 2009 H1N1 influenza 
epidemiological data in Massachusetts suggests that there were disproportionately large 
numbers of hospitalized 2009 H1N1 influenza cases among younger age groups [50]. 
Other literature has shown that the 2009 H1N1 influenza attack rates were low in the 
general population, but high in children aged 5-19 years [70].  
The 2009 H1N1 influenza virus is a unique virus, but studies have found 
similarities between this pathogen and other influenza A viruses that have circulated in 
the past. Serum specimens analyzed by hemagglutination-inhibition testing for the 
presence of antibodies against 2009 H1N1 influenza found that most individuals born 
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after 1944 lacked antibodies to the pandemic virus [24]. Among the elderly, cross-
reactive antibodies against 2009 H1N1 influenza may have provided immunity during the 
pandemic. Other work has studied cross-immunity between seasonal and pandemic 
influenza by using a highly sensitive neutralization assay to measure 2009 H1N1 
influenza neutralizing antibody titers in subjects. Results have shown that higher 
pandemic neutralizing antibody titers were measured in subjects >60 years of age [25]. 
These findings suggest that previous exposure to seasonal influenza viruses or previous 
influenza vaccination had conferred some level of protective immunity against 2009 
H1N1 influenza. Furthermore, in sequence comparisons the hemagglutinin (HA) gene of 
the 2009 H1N1 influenza virus was closely related to the Spanish and 1976 swine 
influenza viruses. Three-dimensional structures of the HA molecule indicate that the 
antigenic epitopes of the 2009 H1N1 influenza HA are more closely related to the 
Spanish influenza HA than to those of recent seasonal influenza A viruses. This could 
indicate that the 2009 H1N1 influenza virus may have originated from infections caused 
by the Spanish influenza virus and its descendents, which could explain the partial 
immunity exhibited in the older population.  
Although risk factors for severe 2009 H1N1 influenza infection were shown to be 
similar to those for seasonal influenza, there were some notable differences. Specific 
comorbidities associated with severe 2009 H1N1 influenza infection include asthma, 
pregnancy, obesity, cardiovascular-disease, chronic illnesses like diabetes, and 
immunocompromised status [21]. Age-based risk factors for 2009 H1N1 influenza have 
been compared to seasonal influenza. Adults with 2009 H1N1 influenza–related 
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hospitalizations had significant complications and mortality despite being younger than 
patients with seasonal influenza [71].  
These age related trends were a unique characteristic of the 2009 H1N1 influenza 
pandemic requiring closer investigation. However, statewide population-based 
comparisons of predictors of severe seasonal influenza and 2009 H1N1 influenza by age 
strata have not been conducted in the United States, and we do not yet know how 
comorbidity measures compare between age strata or between influenza seasons. To 
establish a baseline measure of comorbidity, I use an established risk adjustment 
calculation software, Diagnostic Cost Group (DxCG) Risk Analysis to calculate 
individual-level baseline measures of comorbidity based on hierarchical condition 
categories (HCC) [27]. This analysis is a feasible way to calculate baseline measure of 
comorbidity based on readily available, already audited inpatient diagnostic data. I 
calculated a risk-adjusted ‘score’ for each individual using diagnostic ICD-9 codes 
identifying specific condition categories. This score calculation is an innovative and 
effective way to compare risk at baseline by age strata in order to control for the number 
of high-risk conditions.  
In this study I calculate DxCG measures for patients discharged from all 
Massachusetts acute care centers with influenza-like illness (ILI) between October 1, 
2008 and September 30, 2009 and compare predictors of ILI-related ICU stay by age 
strata. Those 65 and over were excluded from the study population to limit 
misclassification bias. Epidemiological studies showed that those 65 and over were 
underrepresented among ill individuals during the 2009 H1N1 influenza pandemic [6, 
23]. Other work has included those 65 and over where an influenza diagnosis was 
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confirmed and available [21], and if confirmed influenza status had been available in this 
study, including those 65 and over may have been appropriate.  
Specific study objectives include: 1. Compare comorbidity measures by age group 
for those hospitalized during the 2009 H1N1 influenza pandemic and seasonal influenza 
time period in 2009; 2. compare risk factors for ILI-related ICU stay for those 
hospitalized during the 2009 H1N1 influenza pandemic and seasonal influenza time 
period. 
 
Methods 
Hospital Discharge Database 
I analyzed data from the Hospital Discharge Database (HDD), which is a population-
based, patient-linked listing of all hospital discharges in Massachusetts and includes up to 
15 ICD-9-coded discharge diagnoses for each patient [26]. The HDD contains discharge 
data for all inpatients discharged from all 76 acute care hospitals in all 351 cities and 
towns in Massachusetts. This data source contains comprehensive information including 
socio-demographic data, clinical data, and charge data, with a total of 377 variables. 
Patients met the following inclusion criteria: 1) discharge from any acute care hospital in 
Massachusetts between October 1, 2008-Sept 30, 2009; 2) assigned one or more 
diagnosis codes corresponding to a grouping of International Classification of Diseases, 
Ninth Revision (ICD-9) codes used to identify ILI; and 3) less than 65 years of age. The 
following groups were categorized in the HDD as an indicator of race/ethnicity: 1) White, 
non-Hispanic; 2) Hispanic; 3) Black, non-Hispanic; and 4) Other - including the 
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following groups: Asian (n=276), American Indian/Alaska Native (n=14), Other (n=221), 
and Unknown (n=200). 
 
ILI Selection Criteria and Study Outcome 
Selection criteria correspond to a variation of a list of codes validated against virologic 
results in a study evaluating code-based syndromic surveillance for ILI. These codes 
correlated highly with positive viral specimens in prior research [40]. My previous work 
found that inclusion of the ICD-9 code for ‘Pneumonia, organism NOS’ (486.0) led to 
misclassification of hospitalized ILI cases during the 2009 H1N1 influenza pandemic 
[50]. I therefore excluded it in this study (Table 4.1). For sensitivity analysis, I conducted 
the same analyses using the ‘maximum’ and ‘minimum’ definitions from Chapter II 
(results shown in Appendix). I have also included the diagnosis code for novel influenza 
A (2009 H1N1 influenza, 488.1) introduced in June 2009. The outcome is ICU admission 
determined by ICU-related diagnosis codes. 
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Table 4.1: Influenza case selection criteria summary 
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Age Group Categorization 
Age group categories are consistent with age-specific influenza reporting in 
Massachusetts, based on CDC-defined priority groups [39]. Age groups are as follows: 
<5 years, 5-12 yrs, 13-18 yrs, 19-25 yrs, 26-44 yrs, 45-64 yrs. Nationwide U.S. influenza 
data indicated that only 7% of 2009 H1N1 influenza-related hospitalizations occurred in 
those ≥65 [4], so those ≥65 years of age were excluded from the study population to 
minimize misclassification bias introduced by non-influenza cases. 
 
Time period selection 
Confirmed-case laboratory specimen data from the Massachusetts State Laboratory 
indicated that between April 19-October 1, 2009, 99% of influenza virus isolates were 
2009 H1N1 influenza. In addition, 34% of all submitted specimens were positive for 
2009 H1N1 influenza [39]. This time interval occurred before 2009 H1N1 influenza 
vaccine was released, and therefore it represents a unique time to study the impact of the 
virus prior to the availability of immunization. Prior to April 26, 2009, seasonal influenza 
activity was common in Massachusetts: April 26 marks the first date that 2009 H1N1 
influenza was detected, and September 30 marks the beginning of the influenza season. 
 
Diagnostic Cost Group Risk Analysis 
Originally used to predict healthcare-related costs, the Diagnostic Cost Group (DxCG®) 
risk analysis software is an established risk adjustment model designed to calculate 
individual-level baseline measures of risk for hospitalization, hospital readmission, and 
future healthcare costs likely to be incurred. My analysis is based on the Centers for 
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Medicare & Medicaid Services (CMS) hierarchical condition categories (HCC) model 
that was implemented in 2004. The DxCG/HCC model utilizes data from diagnoses 
generated during patient hospital discharge encounters to calculate which medical 
problems are present in an individual, and generate a risk-adjusted ‘score’ based on ICD-
9 codes. This score is based on values assigned to diagnostic categories that have been 
designed to meet several principles meeting hierarchical conditions and clinical 
significance. The HCC diagnostic classification system first classifies each of over 
15,000 ICD-9 codes into 804 diagnostic groups, and these groups are further aggregated 
into 189 condition categories. The process of condition category selection and 
performance of DxCG/HCC models have been described previously [27]. The final, 70-
category DxCG/HCC model is included in the Appendix. These diagnoses, along with 
patient demographics such as age and sex, are used to predict measures of comorbidity or 
disability.  
To link HDD diagnostic data with DxCG/HCC model, I utilized established 
DxCG® software by creating diagnoses files with unique identifiers for each individual 
within the study population. After each individual score was calculated, these scores were 
merged back into main HDD databases for analysis. Calculation of this risk adjustment 
score is an effective way to compare risk at baseline with the outcome, and DxCG has 
been shown to be a more effective prediction of morbidity than other measures, such as 
the Charlson [72].  
 
Risk Factor Identification 
87
As explained previously, the original DxCG/HCC model excluded discretionary 
diagnostic categories from its total 189 condition categories for various methodological 
reasons. Some were excluded because they were not medically significant, or if they did 
not empirically add to predicted costs (for example, hypertension or asthma)[27]. In order 
to investigate the addition of some additional risk factors into our model, I identified risk 
factors for 2009 H1N1 influenza that were not included in the DxCG calculation. Several 
risk factors for severe 2009 H1N1 influenza have been identified in the literature 
including pregnancy, obesity, and asthma [71, 73]. These risk factors and codes were as 
follows: asthma (493), obesity (278), and pregnancy (630-679). I explored the prevalence 
of these risk factors in both the 2009 H1N1 influenza and seasonal influenza study 
populations, and included dichotomous variables for these characteristics in our final 
model to investigate predictors of severe influenza. 
 
Statistical Analysis 
I identified those discharged with ILI-related diagnoses between October 1, 2008-April 
25, 2009 and 2009 H1N1 influenza-related diagnoses between the time period of April 
26-September 30, 2009, calculated ICU admission rates, and described demographics by 
age group.  
The analysis plan involved the following steps: In step 1, I calculated the DxCG 
score for each individual in the study population using the HCC models. Using medical 
record number (MRN), I linked each individual’s DxCG score with patient demographic 
data, diagnoses, and other hospital data in the HDD. I then compared patient 
characteristics of those discharged between October 1, 2008-Aril 25, 2009 and April 26-
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September 30, 2009. In step 2, I utilized three models to identify the association between 
DxCG score and ICU stay in the full study population, and predictors of ICU stay among 
age groups. Model A refers to the null model investigating the association between ICU 
stay and age group (45-64 years as reference group). Model B adds the measure of DxCG 
score to adjust for comorbidity measure. Model C refers to the full multivariate model 
investigating the association between ICU stay and age adjusted for DxCG, age, sex, 
specific risk factors, and source of admission into the hospital. In step 3, I applied Model 
C to the full study population to determine predictors of 2009 H1N1 influenza-related 
ICU stay. The full model adjusts for patient-level effects such as age, admission type, 
length of stay, etc. to calculate the risk of ICU admission. The models identify factors 
that confound the relationship between mortality/severity and age strata. Results from 
these models will indicate risk of ICU admission with odds ratios (OR) by modeling the 
yes/no (0/1) outcome variable as a function of a predictor x using a relationship shown in 
the following equation: 
Unadjusted model: E[Y1] =  β0+ e(pop) 
Adjusted model: E[Y1] =  β0 + β1x1 + β2x2 + β3x3 + … + e(pop) 
 
This model states that the odds of the outcome is linearly related to x, with 
intercept coefficient β0, and slope coefficient β1,2,3,etc.. The x’s are variables that explain 
variation in the outcome variable (y), e is the population-level average term appropriate 
for the marginal random effects model. For example, a full multivariate model will be 
expressed as the following equation: 
E[Y1] (1/0) =  β0 + β1(age) + β2 (race/ethnicity) + β3(gender) + β4(DxCG score) 
+ β5(source of admission) + β6(length of stay)… + e(pop) 
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To address selection bias by age, I stratify the full model by age strata. Results of 
the stratified models will provide information about independent patient-level variables to 
inform and target more specific subgroups at highest risk. Results indicate risk of ICU 
admission with odds ratios (OR) by modeling the yes/no (0/1) outcome variable as a 
function of a predictor within the specified age group. For example, one strata may be the 
following: 
For 5-12 year-olds: E[Y1] (1/0) =  β0 + β1(race/ethnicity) + β2 (gender) + 
β3(DxCG score) + β4(source of admission) + β5(risk factor a)… + epop 
 
 I then compared predictors of ICU stay within 2009 H1N1 influenza and seasonal 
influenza populations.  
I used a marginal random effects model to provide population-based estimates. 
This random effects model provides coefficients that “…have the interpretation as the 
average change in the response (over the entire population) for a unit change in the 
predictor.” [63]. Since the data source is a population-based hospital discharge data set, 
using a random effects model is the best approach for providing meaningful coefficients 
and estimates of statistical variance. 
 
Results 
Within the 2009 H1N1 influenza-specific time period (April 26-September 30, 
2009), 4,873 individuals met inclusion criteria (Table 4.3). The mean DxCG score for the 
study population was 0.69, and scores ranged from 0.07-5.80. As expected, the lowest 
mean score occurred in the youngest age group (0.25), and the highest mean score 
occurred among the oldest age group (1.07). Length of stay was the highest among the 
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45-64 year age group (4.0 days). For the seasonal influenza time period (October 1, 2008-
April 25, 2009), 7,402 individuals met inclusion criteria (Table 4.3). The mean DxCG 
score was 0.70, and scores ranged from 0.07-5.63. Among those <13 yrs, there is a 
predominance of males in both 2009 H1N1 influenza and seasonal influenza groups (54-
59% male in both groups). This trend reverses in those >12 years: for those >12 yrs, 
groups are predominantly female in both 2009 H1N1 influenza and seasonal influenza 
populations. 
 
Population-based rates of study characteristics are shown for 2009 H1N1 
influenza and seasonal influenza (Table 4.2). Since time periods between 2009 H1N1 
influenza and seasonal influenza are not equivalent (H1N1 accounts for approximately 
five months, and seasonal influenza accounts for approximately seven months), seasonal 
influenza total counts and rates have been multiplied by (5/7) to provide more directly 
comparable rates. Modifying the rates for seasonal influenza creates a more consistent 
comparison between 2009 H1N1 influenza and seasonal influenza seasons. There were 
higher rates of those <5 years during the seasonal influenza time period among 
male/females and race/ethnic groups. However, there were greater proportions of 19-25 
year-olds during the 2009 H1N1 influenza time periods.  Overall, there were greater 
population-based rates of ILI during the seasonal influenza period compared to the 2009 
H1N1 influenza period. There were also higher rates of death during the 2009 H1N1 
influenza time period (.05) compared to seasonal influenza (.03), and lower rates of ICU 
stay (.9) compared to seasonal influenza (1.0). All chi-square comparisons were 
statistically significant at the p<0.05 level. 
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Table 4.2: Study population characteristics of 2009 H1N1 influenza-related (April 26-
September 30, 2009) and seasonal influenza (Oct 1, 2008-Apr 25, 2009) hospital 
discharges in Massachusetts, population-based rates calculated using U.S.Census 2010 
data 
Independent 
Variables, 
n(n/10,000)†
H1N1 (4/26/09-9/30/09) Seasonal influenza (10/1/08-4/25/09) **
Age group 
(yrs)
All 
(n=4,873)
<5 
(n=1,178)
5-12 
(n=355)
13-18 
(n=214)
19-25 
(n=345)
26-44 
(n=953)
45-64 
(n=1,738)
All 
(n=7,402)
<5 
(n=2,060)
5-12 
(n=456)
13-18 
(n=287)
19-25 
(n=389)
26-44 
(n=1,413)
45-64 
(n=2,797)
Total MA 
population 5,699,073 385,851 631,020 530,242 641,847 1,699,505 1,810,609 5,699,073 385,851 631,020 530,242 641,847 1,699,505 1,810,609
Gender
Male 2,421 (8 5)699  (35 5) 198 (6 2) 94 (3 5) 148 (4 6) 439 (5 2) 843 (9 6) 2,607 (9 2) 850 (43 2) 176 (5 4) 89 (3 3) 118 (3 6) 428 (5 1) 947 (11 2)
Female 2,362 (8 3) 479 (25 3) 157 (5 1) 120 (4 6) 197 (6 2) 514 (6 0) 895 (9 6) 2,680 (9 4) 621 (32 8) 150 (4 9) 116 (4 4) 160 (5 0) 581 (6 8) 908 (9 8)
Race/ethnic 
group
White, non-
Hispanic 3,070 (6 9) 574 (21 9) 180 (4 0) 117 (3 0) 117 (2 5) 633 (5 0) 1,360 (8 8 3,506 (7 9) 744 (28 4) 187 (4 1) 132 (3 4) 184 (3 9) 699 (5 5) 1,561 (10 1)
Hispanic 696 (12 5) 267 (44 1) 70 (8 4) 34 (5 4) 34 (4 6) 130 (7 2) 133 (13 9) 763 (13 6) 346 (57 3) 60 (7 1) 34 (5 4) 38 (5 1) 123 (6 8) 226 (23 6)
Black, non-
Hispanic 575 (14 8) 150 (43 7) 60 (11 6) 39 (9 2) 39 (7 8) 120 (10 2)152 (16 6) 583 (15 0) 158 (46) 44 (8 6) 35 (5 9) 35 (7) 125(10 7) 161 (21 4)
Other 442 (6 5) 187 (32 8) 45 (5 7) 24 (4 1) 24 (3 0) 70 (2 8) 93 (6 3) 435 (6 4) 223 (39 1) 34 (4 4) 14 (3 2) 21 (2 6) 63 (2 5) 80 (5 4)
Deaths 28 ( 05) 2 ( 05) 2 ( 03) 2 ( 04) 2 ( 03) 8 ( 05) 12 ( 07) 14 ( 03) 0 (0) 1 ( 01) 0 (0) 0 (0) 1 ( 01) 13 ( 10)
ICU 
admissions 527 ( 9) 97 (2 5) 47 ( 8) 35 ( 7) 40 ( 6) 87 ( 5) 221 (1 2) 519 (1 0) 102 (2 6) 36 ( 6) 23 ( 4) 30 ( 5) 85 ( 5) 244 (1 4)
Source of 
Admission
ER transfer 2164 (3 8) 384 (10 0) 106 (1 7) 59 (1 1) 152 (2 4) 495 (2 9) 965 (5 3) 2161 (3 8) 439 (11 4) 89 (1 4) 62 (1 1) 117 (1 9) 459 (2 7) 996 (5 5)
Direct MD 
transfer 1169 (2 1) 437 (11 3) 147 (2 3) 95 (1 8) 71 (1 1) 152 ( 9) 269 (1 5) 1444 (2 5) 622 (16 1) 147 (2 4) 78 (1 5) 63 (1 0) 310 (1 8) 311 (1 7)
Walk-in 797 (1 4) 152 (3 9) 46 ( 7) 20 ( 4) 69 (1 1) 177 (1 1) 334 (1 8) 878 (1 6) 208 (5 4) 40 ( 6) 27 ( 5) 49 ( 8) 221 (1 1) 369 (2 1)
Other 743 (1 3) 205 (5 3) 56 ( 9) 40 ( 8) 53 ( 8) 129 ( 8) 170 ( 9) 805 (1 4) 203 (5 3) 50 ( 8) 38 ( 7) 49 ( 8) 145 ( 9) 321 (1 8)
*All chi-square tests compare age-specific rates of independent variables between influenza-specific time periods (ie: males<5 years during H1N1 compared to males 
<5 years during seasonal influenza)  All comparisons were statistically significant at the p<0 05 level
†rates/10,000 people calculated using U S Census 2010 data 
**rates have been multiplied by 5/7 in order to provide more direct comparison of rates/time interval more comparable to H1N1 influenza season  
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From results shown in Table 4.3, DxCG scores were similar between those 
admitted with seasonal influenza and those with 2009 H1N1 influenza. There were higher 
ICU admission rates among those <18 years during the 2009 H1N1 influenza time 
period, and a higher number of deaths among those <18 years during the 2009 H1N1 
influenza pandemic compared to the prior seasonal influenza period in Massachusetts. As 
expected, DxCG scores of those with 2009 H1N1 influenza-related discharges increase 
with age (Figure 4.1). The semi-parametric lowess curve (in red) indicates that the 
average score increases as age increases. Scores range from 0.07- 5.80.
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Table 4.3: Study population characteristics of 2009 H1N1 influenza-related (April 26-September 30, 2009) and seasonal influenza 
(Oct 1, 2008-Apr 25, 2009) hospital discharges in Massachusetts, rates calculated using HDD 2009 data 
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Figure 4.1: Distribution of DxCG Score by Age (yrs) During 2009 H1N1 influenza pandemic 
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Distribution of risk factors associated with severe 2009 H1N1 influenza infection 
Of the risk factors chosen, asthma was the most prevalent in the 2009 H1N1 influenza study 
population occurring in 24% (n=1,185) of cases (Table 4.2). Forty-three (43%) of 5-12 year 
olds and 38% of those 13-18 years discharged with ILI during the 2009 H1N1 influenza 
pandemic, were assigned asthma-related diagnoses. Compared to seasonal influenza, rates of 
pregnancy among those 13-25 years of age were higher among patients with H1N1 (5% and 
13% compared to 2% and 11%), and overall rates of obesity were slightly higher in the 2009 
H1N1 influenza cohort (8% compared to 7%). 
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Table 4.4: Number (rate) of 2009 H1N1 influenza-related and 2008-09 seasonal influenza-
related hospital discharges associated with risk factors, by age group; population-based rates 
calculated using U.S.Census 2010 data 
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Table 4.5: Distribution of risk factors associated with influenza infection by age group, rates 
calculated using HDD 2009 data 
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Predictors of ICU stay by age group during 2009 H1N1 influenza pandemic 
In the univariate model examining the association between 2009 H1N1 influenza-related ICU 
stay and age group (Table 4.3), there is a significantly lower risk of ICU stay among patients 
aged 26-44 yrs and <5 yrs compared to those 45-64 (OR = 0.65 and 0.73, respectively). After 
adjusting for comorbidity score, however, those aged <5, 5-12 and 13-18 years are 
significantly more likely to have 2009 H1N1 influenza-related ICU stay compared to those 
aged 45-64 years old (OR = 1.39, 2.01 and 2.26, respectively). Females and Hispanics were at 
less risk of ICU stay (OR = 0.76 and 0.66, respectively). For all, increased DxCG score was 
associated with ICU stay (OR=2.20 for each incremental increase in score), as were asthma 
diagnoses (OR = 1.56). Compared to all other admit types, patients with ER transfer had 
decreased risk of ICU stay (OR=0.52). 
 When I stratified by age group, some independent variables were shown to be 
significantly associated with 2009 H1N1 influenza-related ICU stay. Among those ≤18 yrs, 
asthma diagnoses were significantly associated with ICU stay (OR=2.67, 3.44, and 3.74, 
respectively). Pregnancy was also a significant predictor of ICU stay among those 26-44 years 
(OR=4.08). Among all age groups, each incremental increase in DxCG score increased odds 
of 2009 H1N1 influenza-related ICU stay.  
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Table 4.6: Measures of association between 2009 H1N1 influenza-related ICU stay and 
independent variables, for all discharged between April 26-Sept 30, 2009 and by age strata 
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Predictors of ICU stay by age group during seasonal influenza 
Results form the univariate model (Table 4.4) indicate that those <5 yrs and 24-44 yrs were at 
lower risk of ILI-related ICU stay compared to 45-64 year olds (OR=0.53, 0.66, respectively). 
Similar to 2009 H1N1 influenza, after adjusting for DxCG score, risk for ILI-related ICU stay 
is significantly greater for those 5-12 yrs (OR=1.49). Stratified by age group, those with 
asthma have higher risk of ILI-related ICU stay among those <5 yrs (OR=1.55). Similar to 
2009 H1N1 influenza, increasing DxCG score increased risk of ICU stay in each age strata.  
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Table 4.7. Measures of association between ILI-related ICU stay and independent variables, 
for all discharged between October 1, 2008-April 25, 2009 and by age strata  
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Comparing ILI-related ICU stays between 2009 H1N1 influenza and seasonal influenza 
Consistent with other epidemiologic reports, I found that the median age of those with 2009 
H1N1 influenza-related ICU admissions is younger than during seasonal influenza (37 years 
compared to 43 years) (Table 4.5). Although sample sizes are small, the death rate was greater 
among those with 2009 H1N1 influenza-related ICU admissions compared to those with 
seasonal influenza (4% compared with 2%). Average length of stay was greater during 2009 
H1N1 influenza (6.8 days compared to 6.3 days). However, there was no difference between 
DxCG scores for both time periods (mean score= 1.2).  
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Table 4.8: Characteristics of those with ILI-related ICU admission during 2009 H1N1 
influenza and seasonal influenza time periods 
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Sensitivity Analysis 
A sensitivity analysis was performed in order to determine whether different case 
selection criteria would lead to different trends in age, DxCG scores, length of stay and risk of 
ICU stay (Table 4.1). Mean DxCG scores are higher among the maximum (0.97) and 
minimum criteria (0.76) compared to the intermediate criteria (0.69) (Table A.5). As 
expected, the lowest mean score occurred in the youngest age group (0.25 and 0.38), and the 
highest mean score occurred among the oldest age group (1.39 and 1.24). Length of stay was 
highest among the 45-64 year age group (4.9 and 6.3 days). Similar to the intermediate 
criteria, there is a predominance of males among those <13 years in both selection criteria. 
This trend reverses in those >12 years: for those >12 yrs, groups are mostly female in both 
selection criteria. Results from the full multivariate model indicate that compared to those 45-
64 years old, those <5 yrs, 5-12, and 13-18 yrs had increased risk for 2009 H1N1 influenza-
related ICU stay within maximum and minimum criteria (Table A.6). Furthermore, increased 
DxCG score was associated with ICU stay (OR=2.30 and 3.24 for each incremental increase 
in score). These results are similar to those shown for the intermediate selection criteria 
displayed in this chapter, and indicate that specific selection criteria may affect regression 
results slightly, but the major epidemiological trends are similar between the three groups. 
 
Discussion 
Comparing measures of comorbidity by age group  
This is the first study to report population-based statewide outcomes by age strata in all acute 
care centers during the first wave of the 2009 H1N1 influenza pandemic. Results indicate the 
feasibility of risk-based score calculation in large hospital administrative databases. Despite 
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higher ICU rates and numbers of deaths in the 2009 H1N1 influenza-specific group, DxCG 
scores were similar between both time periods. I also found similar predictors of ICU stay 
between the 2009 H1N1 influenza and seasonal influenza groups. In both groups, those <18 
years of age were at increased risk of ICU stay, compared to those 45-64 years of age after 
adjusting for comorbidity.  
DxCG scores were similar between the two time periods even though ICU admission 
rates and the numbers of fatalities were higher among pediatric groups. DxCG scores were 
slightly higher among those with 2009 H1N1 influenza <5 years and 13-18 compared to 
seasonal influenza (.25 and .53 compared to .22 and .50). Adults with 2009 H1N1 influenza in 
the 19-44 and 45-64 age groups also had slightly higher DxCG scores compared to seasonal 
influenza (Table 4.1). However, this is consistent with other findings indicating that fewer 
patients hospitalized with 2009 H1N1 influenza had comorbid conditions compared with 
seasonal influenza - despite patients with 2009 H1N1 influenza having higher rates of ICU 
admission and death [71]. For all age groups and both influenza cohorts, I found that 
increasing DxCG score predicted ICU admission. This proves that, as the measure of 
comorbidity increases, risk of ILI-related ICU stay also increases. Since 2009 H1N1 influenza 
attacked younger age groups, these younger individuals may have had fewer comorbid 
conditions, as evidenced by lower DxCG scores.   
However, results shown in Table 4.1 and Table 4.2 are inconsistent. Among the 
hospitalized population (Table 4.1), rates of ICU stay were higher during the 2009 H1N1 
influenza time period. Yet population-based rates indicate the opposite (Table 4.2). The 
differences between these two findings are found in the denominators used to create these 
calculations. In Aim 1, the denominator was all those hospitalized in the HDD. The 
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numerator, or how many people were admitted to the ICU, was a percentage of the total 
number of hospitalized individuals. The rates shown in Table 4.2 draw from a different 
denominator. In this case, the denominator includes all individuals in MA fitting the specific 
age group criteria – regardless of whether they had been hospitalized or not. Thus, in Table 
4.2 those hospitalized as well as those not hospitalized are included. Differences shown 
between Tables 4.1 and 4.2 indicate that differences in hospitalization could affect the 
percentage of cases in each subgroup that were admitted to the ICU. These rate-based 
differences also influence the results of the regression models used to calculate risk of ICU 
admission by age groups. These results indicated that Hispanics had lower risk of ICU 
admission, which is a different conclusion than what is shown in the population rates in Table 
4.2. Since I could not include non-hospitalized populations, results are biased towards those 
who were hospitalized, and reflect differences between race/ethnic groups that may not 
necessarily be clear if a non-hospitalized population was also included in the analysis. Results 
indicate elevated odds of ICU stay because only the hospitalized population is used as 
comparison within the logistic regression models. There is no way to know who suffered from 
severe 2009 H1N1 influenza outside of the hospitalized population, and it is challenging to 
know how to interpret these differences. 
Regardless of these inconsistencies, main results indicate that 2009 H1N1 influenza 
caused more severe disease in younger age groups. I found that those admitted to the ICU 
during the 2009 H1N1 influenza time period were younger than those with ILI-related ICU 
admission during the regular influenza season, and had higher prevalence of risk factors 
shown to complicate or exacerbate 2009 H1N1 influenza (Table 4.5). There were more deaths 
among younger age groups during 2009 H1N1 influenza (Table 4.1 and 4.5). Five deaths 
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occurred in those <18 yrs during 2009 H1N1 influenza compared to one death in the same age 
groups during seasonal influenza. Although numbers are small, these figures indicate that 
2009 H1N1 influenza attacked younger groups more severely, causing higher numbers of ICU 
admissions and fatalities, compared to seasonal influenza. Main results indicate that, although 
comorbidity scores were similar between the 2009 H1N1 influenza and seasonal influenza 
groups, severe 2009 H1N1 influenza attacked a younger population. 
There was an interesting gender distribution by age strata among both the 2009 H1N1 
influenza and seasonal influenza groups. In both cohorts, I found higher proportions of males 
among the <5 and 5-12 yrs age groups (54-59%). After age 12, this trend reverses, and more 
than half of all patients discharged with ILI in both cohorts are female. In the full model 
investigating the association between ICU stay and independent variables, females had lower 
odds of ILI-related ICU admission in both 2009 H1N1 influenza and seasonal influenza 
cohorts (OR=0.76 and 0.77, respectively), indicating that males are at increased risk of ILI-
related ICU stay within the entire study population. However, I did not find consistent 
statistically significant findings by gender when I stratified by age group. Published findings 
have shown a predominance of males among those hospitalized with 2009 H1N1 influenza 
[74] and with severe 2009 H1N1 influenza infection [75]. These differences are also age-
dependent, and other work has confirmed higher rates of influenza among females of 
reproductive age. This could indicate a biologic predisposition to more severe manifestation 
of influenza. Published findings have indicated that immunological differences between the 
sexes may reflect endocrine-immune interactions, and immunity to viruses can vary with 
changes in hormone concentrations caused by natural fluctuations over the menstrual cycle, 
contraception use, pregnancy, or menopause [76] which may explain these gender 
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distributions by age strata. 
 
Compare risk factors for ILI-related ICU stay 
Within the 2009 H1N1 influenza cohort, a diagnosis for asthma among those <5, 5-12, 
and 13-18 years (OR=2.66 [1.63-4.34], 3.43 [1.53-7.68], 3.74 [1.55-9.02], respectively), and 
pregnancy among those 26-44 years (OR=4.09 [1.47-11.35]) increased risk of ICU admission. 
Obesity did not predict 2009 H1N1 influenza-related ICU admission with any statistical 
significance. Those with asthma had higher odds of ILI-related ICU admission among those 
with seasonal influenza, but results were more dramatic during the 2009 H1N1 influenza time 
period indicating that these risk factors were stronger predictors of severe influenza during 
2009 H1N1 influenza.  
Even though asthma was slightly less prevalent among those discharged with 2009 
H1N1 influenza compared to seasonal influenza, it occurred in 24% of the 2009 H1N1 
influenza study population, and was significantly associated with 2009 H1N1 influenza-
related ICU stay among those <5, 5-12, and 13-18 years. Of those with seasonal influenza, 
those with asthma had higher odds of ILI-related ICU admission in those <5 years, but I did 
not find any significant association in other age groups. Other published findings have shown 
similar results. In one assessment of children with asthma hospitalized with seasonal and 
pandemic influenza, a higher proportion of asthmatic children hospitalized with 2009 H1N1 
influenza required intensive care compared to seasonal influenza (22% vs. 16%) [77]. I can 
confirm that asthma is a stronger predictor of severe 2009 H1N1 influenza manifestation 
compared to seasonal influenza in pediatric groups. 
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Pregnant women had higher odds of ICU admission among those aged 26-44 in the 
2009 H1N1 influenza cohort (OR=4.04, p<0.001). This is consistent with other published 
findings which have documented the severe effects of 2009 H1N1 influenza on pregnant 
women [21, 78]. One investigation found that nearly half (47%) of pregnant women admitted 
to the ICU had at least one underlying medical condition such as asthma, diabetes, or obesity 
indicating that additional risk factors may complicate or exacerbate the course of the disease 
[78]. This is consistent with my analysis of those with pregnancy-related ICD-9 diagnosis 
codes (data not shown). 
There have been mixed measures of association between odds of severe 2009 H1N1 
influenza infection and obesity in the published literature. Some work has shown a strong 
association between obesity and severe 2009 H1N1 influenza [21]. Other work has shown that 
obesity is not independently associated with 2009 H1N1 influenza hospitalization, however it 
is associated with other factors that may complicate or exacerbate 2009 H1N1 influenza 
infection (such as mechanical ventilation) [73]. I did not find any statistically significant 
relationship between those with obesity-related diagnoses and ICU admission among those in 
the 2009 H1N1 influenza cohort.  
 
Limitations 
Data from correctional facilities and veteran’s hospitals in Massachusetts are not 
included in the HDD. Because the HDD only includes hospitalization data, I was not able to 
compare this hospitalized population to non-hospitalized 2009 H1N1 influenza cases to see 
differences in demographics, diagnoses, or outcomes. I was not authorized to access 
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individual medical chart information, therefore it was not possible to determine influenza case 
status for every individual in this study and misclassification is possible.  
 
Strengths 
The use of large hospital administrative databases presents an excellent opportunity to explore 
population-based influenza-associated hospitalizations. This is the first statewide population-
based assessment of epidemiological characteristics of hospitalized 2009 H1N1 influenza 
cases in the United States to include all possible hospitalized cases in the analysis. Linking 
plentiful diagnostic HDD data to the DxCG/HCC model is a novel way to explore predictors 
of severe influenza during a pandemic. Through the DxCG analysis, I was able to distill 
thousands of diagnoses for thousands of patients into understandable risk scores to compare 
measures of illness between study populations. At the time of writing, this is the first 
statewide assessment that has presented such results. 
 
Conclusions 
In the US, this is the first study to report statewide population-based outcomes in all acute 
centers by age strata. This study is an example of the feasibility of linking results from risk 
analysis software with hospital administrative diagnostic data. Main results indicate that, 
despite higher ICU rates and numbers of deaths in the 2009 H1N1 influenza-specific group, 
DxCG scores were similar between both time periods. I also found similar predictors of ICU 
stay between the 2009 H1N1 influenza and seasonal influenza groups. In both groups, those 
<18 years of age were at increased risk of ICU stay, compared to those 45-64 years of age 
after adjusting for comorbidity, and increasing DxCG score increased odds for ILI-related 
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ICU admission. Male had greater odds of ILI-related ICU stay. Within the 2009 H1N1 
influenza cohort, those with asthma had greater odds of ICU admission among those <5, 5-12, 
and 13-18 years (OR=2.71, 3.44, 3.74, respectively), and pregnancy among those 26-44 years 
(OR=4.04). Obesity did not predict 2009 H1N1 influenza-related ICU admission with any 
statistical significance. 
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CHAPTER V: 
DISCUSSION AND CONCLUSIONS 
 
Summary of Research Findings 
In this thesis I attempt to address some of the challenges described related to 
population-based influenza case identification. First, I studied influenza case selection criteria 
using hospital discharge data (Chapter II). I evaluated ICD-9 codes that correspond with 
common and relatively serious respiratory infections and influenza using a ‘maximum’ and 
‘minimum’ approach. I found that the maximum criteria overestimated 2009 H1N1 influenza 
activity, and minimum criteria most closely resembled published descriptions of 2009 H1N1 
influenza-related hospitalizations and met the expected influenza case count. I confirmed that 
2009 H1N1 influenza affected a younger population, and disproportionately affected racial 
minorities in Massachusetts. There were also higher rates of ICU admission compared to 
seasonal influenza during the five influenza seasons of 2004-2008.   
I then address epidemiological data reporting race/ethnic disparity among confirmed 
2009 H1N1 influenza cases (Chapter III). I employed methods described in the literature to 
establish a measure of SES for each individual, and report results indicating measures of 
association of ICU stay and race/ethnicity, adjusted for SES, to better understand the 
relationship between race/ethnic groups, determinants of health, and severity of influenza. I 
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found that Hispanics had significantly lower odds of 2009 H1N1 influenza-related ICU stay. 
SES gradients calculated using five-digit zip code information did not account for these 
differences. Within race/ethnic strata, Hispanics <18 years and Hispanic females were at 
much greater risk for 2009 H1N1 influenza-related ICU stay. Results from this assessment 
provide vital information about the population burden of disease among all hospitalizations in 
the Commonwealth of Massachusetts.  
Finally, I address age-related trends in 2009 H1N1 influenza cases (Chapter IV). I 
calculated measures of Diagnostic Cost Group (DxCG) comorbidity for the study population 
to provide a comorbidity measure at baseline. Main results indicate that, despite higher ICU 
rates and numbers of deaths in the 2009 H1N1 influenza-specific group, DxCG scores were 
similar between both time periods. In both groups, those <5, 5-12, and 13-18 years were at 
increased risk of ICU stay, compared to those 45-64 after adjusting for comorbidity. 
Increasing DxCG score increased odds for ILI-related ICU admission. Main results indicate 
that, although comorbidity scores were similar between the 2009 H1N1 influenza and 
seasonal influenza groups, severe 2009 H1N1 influenza attacked a younger population. 
In this dissertation I address challenges surrounding influenza surveillance to create 
case selection criteria within an administrative database. Using my case selection criteria, I 
then provide data related to fatality and severity of 2009 H1N1 influenza in Massachusetts in 
reference to sociodemographic variables such as racial/ethnicity and age groups, and provide 
evidence for patient-level interventions to those hardest hit by influenza. These findings 
provide valuable information about using large administrative databases to describe pandemic 
influenza cases and guide resource allocation to reduce disparities in relation to pandemic 
influenza preparedness. 
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Strengths and Limitations 
Limitations for each project were addressed in each specific chapter. However, this 
study was also limited by other factors. Utilizing an algorithm to detect ILI in the target 
population is not a perfect detection method. Current literature addresses the statistical 
limitations of using ILI algorithms in administrative data by employing many different 
methodological approaches to limit bias, but until these methods can be validated, 
methodological limitations should be made clear [79]. I was not authorized to access 
individual medical chart information, therefore it was not possible to determine influenza case 
status for every individual in this study. Since population-based data sources with reliable 
measures (such as laboratory testing, for example) of influenza case status from all acute care 
centers in MA do not yet exist, and without validation against confirmed epidemiologic data, 
it is likely that there are some individuals included in this analysis who do not have influenza, 
but may have similar symptoms. This work provides an indication of the total disease burden 
on hospitals in MA, but cannot absolutely determine causation. 
The HDD collects up to 15 ICD-9 diagnosis codes for each individual. Specifically for 
the DxCG risk analysis in Chapter IV, there may be important diagnoses excluded from the 
analysis if patients received more than 15 diagnoses upon discharge. In addition, because 
coding of hospital discharge diagnoses is imperfect, errors may be introduced as a result: there 
could be systematic entry coding errors related to how providers report diagnoses or 
procedures, and/or mistakes related to demographic data, especially race/ethnicity 
categorizations. 
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The World Health Organization (WHO) indicates that one unique feature of a 
‘pandemic’ is that they characteristically affect younger populations [80]. As discussed in 
Aim 1, those 65 and over were excluded from the study population to limit misclassification 
bias. Excluding those 65 and over limits the findings of the study since these results can only 
be generalizable to those less than 65. Prior work has discussed how excluding older 
populations can affect the interpretation of the study results [81]. As discussed in Aim 3, 
epidemiological studies showed that those 65 and over were underrepresented among ill 
individuals during the 2009 H1N1 influenza pandemic[6, 23]. Other work has included those 
65 and over where an influenza diagnosis was confirmed and available [21], and if confirmed 
influenza status had been available in this study, including those 65 and over may have been 
appropriate. 
Data from correctional facilities and veteran’s hospitals in Massachusetts are not 
included in the HDD, and there is also limited information related to treatments and diagnoses 
in emergency departments. There is also very little information related to healthcare access 
that could limit the application of proposed results for underrepresented race/ethnic groups, in 
particular. Finally, because the HDD only includes those hospitalized with 2009 H1N1 
influenza, I was not able to compare this hospitalized population to non-hospitalized 2009 
H1N1 influenza cases to see differences in demographics, trends, or outcomes. 
The study has considerable strengths related to both study design and public health 
implications. Unlike other studies using hospital case report data or confirmed laboratory test 
results, this study utilizes a population-based administrative database to report ILI-associated 
hospitalizations in Massachusetts. The design addresses limitations related to influenza 
surveillance, reporting, and diagnosis for hospitalized 2009 H1N1 influenza cases, as 
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described in Chapter II. It also addresses the considerable limitations related to the accuracy, 
timeliness, and completeness of data from MA hospital case reports. This is the first statewide 
population-based assessment of epidemiological characteristics of hospitalized 2009 H1N1 
influenza cases in the United States to include all possible hospitalized cases in the analysis. 
To ensure that I have included all those with ILI, I compared different sets of influenza case 
selection criteria to target all possible hospitalized patients with influenza and ILI (Chapter 
II). This case selection process is a unique way to detect all hospitalized cases with 2009 
H1N1 influenza in MA. 
This assessment specifically examines disparities and differences in predictors of 
severity and fatality among racial/ethnic groups (Chapter III) and age (Chapter IV) categories. 
There have been global and regional accounts of wide variation among groups, but there have 
not been formal analyses of these rates. This is the first statewide analysis in the United States 
that presents data to confirm if 2009 H1N1 influenza-related discrepancies exist by age and 
race/ethnic strata, and identify variables that significantly predict 2009 H1N1 influenza-
related severity within these strata.  
 
Future Directions 
Finding the most appropriate and reliable data source to monitor population-based, 
influenza-related outcomes is extremely challenging for a number of reasons. However, there 
are examples of other integrated surveillance and reporting systems in place that address some 
of the many implementation and reliability issues. Some of these examples integrate how to 1) 
Collect more reliable infectious disease surveillance and outcome data; and 2) develop better 
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population-based data sources with integrated surveillance systems that respond more 
appropriately to human behavior in times of disease in real-time. 
 
Development of population-based data sources 
In the United States, the Emerging Infections Program (EIP) has developed surveillance 
systems to better understand the total numbers of influenza-associated hospitalizations. One 
statewide surveillance system in Colorado analyzes data from laboratory-confirmed, influenza 
hospitalizations to monitor influenza-associated hospitalizations in all age groups [82]. 
However, this system includes only laboratory-confirmed hospitalizations – not all possible 
hospitalizations – in the study population, and may underestimate the true number of 
infections since not all cases undergo testing and some test results are falsely negative. It is 
also difficult to find information about costs associated with these data sources, and a 
thorough discussion of implementation issues is not yet readily available. Both of these issues 
have been substantial barriers to the development of these systems, and we still do not yet 
have an integrated way of collecting data on all influenza-associated hospitalizations in the 
United States. 
 
Integrated influenza surveillance data  
Population-based assessments of 2009 H1N1 influenza outcomes have been conducted 
in many settings around the world [83, 84]. Other regions and countries have conducted large 
pooled analyses by combining different types of surveillance data to investigate the impact of 
influenza on a country’s population over time to estimate years of life lost or other 
epidemiological trends [83, 85-87]. However, these assessments often combine different types 
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of surveillance data and comment on the limited generalizeability of the data. To better 
estimate the severity of pandemics early on, track the progress of global pandemics, and share 
influenza outcomes data between countries or continents, surveillance networks should 
develop better systems through more integrated reporting structures. Influenza-specific 
surveillance systems include ILINet, which is a network of providers conducting influenza-
like illness surveillance data [88], or ESSENCE, which is a Department of Defense Health 
Indicator Surveillance System that collects near real-time disease activity data [45]. These 
networks collect ILI information to inform disease activity at the population level. One of the 
champions of integrated global surveillance is Pro-MED Mail (The Program for Monitoring 
Emerging Diseases). Originally founded in 1994, ProMED-mail has more than 50,000 
participants in over 185 countries and has pioneered the concept of electronic, Internet-based, 
emerging disease and outbreak detection and reporting. Pro-MED publishes and transmits via 
the Internet an average of seven daily reports of infectious disease outbreaks with commentary 
from a staff of expert moderators, on a real-time basis [89]. Another integrated online 
reporting system is HealthMap. Since 2006, HealthMap is used both as an early detection 
system and supports situational awareness by providing current, highly local information 
about outbreaks, even from areas relatively invisible to traditional global public health efforts 
[90]. There are many other systems devoted to collecting information about emerging health 
threats. For instance, Google FluTrends is a surveillance system designed to improve early 
detection of influenza epidemics by monitoring health-seeking behavior in the form of online 
web search queries [91]. As the global 2009 H1N1 influenza pandemic dramatically 
demonstrated, the emergence and spread of infectious diseases in this era of intense 
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globalization must be recognized quickly anywhere in the world in order to respond 
appropriately.  
The above organizations provide excellent examples of integrated surveillance systems 
that highlight clusters of interest for early outbreak response. However, using this information 
to extract individual-level outcomes data at the population-level is very challenging. Other 
opportunities to embrace novel communication methods using data from cell phones or social 
marketing data have been discussed [92-94]. Using this type of data can get reporting and lab 
capability on the ground to coordinate information, but little has been shown in the way of 
how to use real-time data to prepare and respond to global infectious disease down to the 
individual level. 
 
Developing the ideal influenza surveillance system 
As we continue to move forward with our needs for real-time influenza surveillance we must 
think about our definition of ‘population-based’, and collect data on all individuals within a 
specific geographic area. Databases like the HDD are unique in the fact that all possible 
hospitalizations are included. This presents a special opportunity to glean information from 
cases that may have gone undetected through usual surveillance techniques like hospital case 
report data or confirmed-laboratory test results. 
I believe this dissertation is an example of how population-based systems can be 
linked with other data sources - like U.S. Census data and risk analysis software - to improve 
the integration of different data types. Results can inform the application of other population-
based databases in the future. However, I can only recommend using large hospital 
administrative databases for monitoring influenza-associated hospitalizations and outcomes if 
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more consistent coding and diagnostic practices are enforced. Results from Aim 1 showed that 
coding practices changed throughout the first wave of the 2009 H1N1 influenza pandemic 
indicating that public perception may influence diagnostic coding behavior. One of my 
recommendations included developing more consistent influenza diagnostic criteria and 
coding practices. Consistent coding techniques strengthen the use of large administrative 
databases for population-based influenza surveillance and epidemiological description. More 
consistent coding practice may also improve the application of large hospital administrative 
databases for identifying influenza-based outcomes in the future. In addition, Massachusetts 
HDD results only become available after the close of the fiscal year in which the 
hospitalizations occur (for instance, availability of fiscal year 2009 data in summer 2010).  
This obviously limits their usefulness for any type of real-time surveillance. 
In this thesis I examine a specific time period of the course of influenza illness: the 
hospitalization. Learning more about what happens during these hospitalizations could be 
strengthened with early indicators and by using a population-based approach, but also better 
and immediate coding. The landscape of accountable care organizations indicates that the 
future of healthcare focuses on the importance of tracking individual outcomes. To best 
investigate influenza-associated hospitalizations, a strong surveillance system would combine 
many different data elements with specific time constraints – this would be a “necessary, and 
often substantial, investment to improve care” [95], and allow better coordinated care for 
patients. In addition to all the data elements available in the HDD, additional emergency 
department, outpatient, and laboratory data and more detailed procedure, prescription, 
autopsy, and medication data would be useful. As noted in Chapter III, additional 
sociodemographic information such as language spoken, education level, access to care 
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indicators, or other SES information would also be helpful. An ideal influenza surveillance 
system would include elements of early detection and validation using integrated surveillance 
as discussed above - combined with laboratory data and real-time clinical and discharge 
diagnoses. In effect, the ideal system would be a registry of health information combining 
many different data elements to build an integrated surveillance system linking hospital 
discharge, utilization, medical encounter, HMO, and other data elements. This registry would 
allow researchers to better understand the influenza-associated hospitalization, and also what 
occurs before and after encounters with the healthcare system altogether. Learning more about 
pre-hospitalization data, for example, what occurs in the home prior to a health system 
encounter, would inform cost-effective strategies during health delivery, could impact 
healthcare delivery, and improve the health of individuals. More integrated individual-level 
data would also encourage cost containment, inform strategies related to policy, response, and 
preparedness, improve patient-centered, coordinated care, and impact health. If the future of 
healthcare lies in the importance of tracking individual outcomes, we must get better data 
about individuals to know more about their outcomes. 
 
Conclusions 
The global 2009 H1N1 influenza pandemic in 2009 provides a clear example of how 
the emerging nature of infectious diseases requires early warning and response. Surveillance 
systems should respond to human behavior since how humans behave is intricately related to 
health and health-seeking behavior. How do we develop population-based systems that 
respond and report this appropriately? Until we have real-time systems tracking disease on a 
global level, using population-based hospital administrative databases to analyze influenza-
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associated hospitalizations is one way to calculate the burden of influenza on the people and 
on the healthcare system. Of course, better data related to influenza-related outcomes leads to 
more informative policy, better healthcare, and more appropriate vaccination and marketing 
strategy. Our challenge is to embrace new technology in a comprehensive way to best respond 
to the complicated and changing landscape of infectious disease.
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Appendix 
Table A.1: CDC Estimates of 2009 H1N1 influenza Cases and Related Hospitalizations and 
Deaths from April 2009 - March 13, 2010, By Age Group [4] 
2009 H1N1 influenza Mid-Level Range* Estimated Range* 
Cases     
0-17 years ~19 million ~14 million to ~28 million 
18-64 years ~35 million ~25 million to ~51 million 
65 years and older ~6 million ~4 million to ~9 million 
Cases Total  ~60 million ~43 million to ~88 million 
Hospitalizations      
0-17 years ~86,000 ~61,000 to ~127,000 
18-64 years ~158,000 ~112,000 to ~232,000 
65 years and older ~26,000 ~19,000 to ~39,000 
Hospitalizations Total  ~270,000 ~192,000 to ~398,000 
Deaths      
0-17 years ~1,270 ~900 to ~1,870 
18-64 years ~9,420 ~6,700 to ~13,860 
65 years and older ~1,580 ~1,120 to ~2,320 
Deaths Total  ~12,270 ~8,720 to ~18,050 
* Deaths have been rounded to the nearest ten. Hospitalizations have been rounded to the 
nearest thousand and cases have been rounded to the nearest million. 
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Figure A.1: Frequency Meeting Maximum Criteria (Excluding Pneumonia) in Massachusetts 
by MMWR Week, FY2005-2009 
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Table A.2: Calculations for MA population-based denominators using data from U.S. Census 
(2010) and American Community Survey (2006-2010) 
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Figure A.2: Centers for Medicare & Medicaid Services-Hierarchical Condition Categories 
(CMS-HCC) Combined, Community, and Institutional Models  
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Table A.3: Study population descriptions for Aim 2 using maximum and minimum influenza 
case selection criteria 
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Table A.4: Regression results for Aim 2 using maximum and minimum influenza case selection 
criteria 
Maximum definition of influenza case selection criteria (n=9,737)     
Independent Variables All White, non-Hisp Hispanic Black, non-Hisp Other 
Race/ethnic group (White as reference)           
Hispanic 0.75* § § § § 
Black, non-Hispanic 1.05 § § § § 
Other 1.18 § § § § 
SES (0-4.9% below poverty as reference)           
5.0-9.9% 1.02 1.02 0.98 1.25 0.94 
10.0-19.9% 1.07 1.03 1.87 1.10 0.93 
≥20% 1.08 1.20 1.82 0.92 0.64 
Sex (male as reference)           
Female 0.90 0.87* 1.60* 0.70* 1.12 
Age group (45-64 years as reference)           
<18 years 0.71* 0.56* 0.97 1.40 0.58 
19-44 years 0.84* 0.86 0.85 0.94 0.48* 
Admission through ED 1.22* 1.10 2.37* 1.66* 1.19 
Admission through outpatient 
department 0.56* 0.56* 0.20* 1.03 0.76 
Length of stay (days) 1.16* 1.15* 1.18* 1.21* 1.17* 
Minimum definition of influenza case 
selection criteria (n=599)         
Independent Variables All White, non-Hisp Hispanic∞ Black, non-Hisp Other 
Race/ethnic group (White as reference)           
Hispanic 0.64 § § § § 
Black, non-Hispanic 1.21 § § § § 
Other 1.50 § § § § 
SES (0-4.9% below poverty as reference)           
5.0-9.9% 1.53 2.13   0.30 1.58 
10.0-19.9% 1.40 1.31   1.19 0.98 
≥20% 1.35 2.61   0.48 4.12 
Sex (male as reference)           
Female 0.88 0.68   0.46 3.03 
Age group (45-64 years as reference)           
<18 years 1.51 1.18   0.58 5.81 
19-44 years 1.58 1.52   2.05 1.01 
Admission through ED 1.31 0.84   2.95 0.20 
Admission through outpatient 
department 0.18* 0.47   0.24 § 
Length of stay (days) 1.20* 1.17*   1.16* 1.45* 
*p<0.05      
§ omitted from the model      
∞Results from Hispanic strata not available due to instability of the model.    
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Table A.5: Study population descriptions for Aim 3 using maximum and minimum influenza 
case selection criteria 
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Table A.6: Regression results for Aim 3 using maximum and minimum influenza case 
selection criteria 
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Table A.7: Frequency of ILI-related hospital utilization, Apr 26-Sept 30, 2009 
Frequency of ILI-related hospital utilization, Apr 26-Sept 30, 2009 (2009 H1N1 influenza-specific time 
period) 
Hospital Name Frequency Percent 
Cumulative
Frequency 
Cumulative
Percent 
Anna Jaques Hospital 35 0.72 35 0.72 
Athol Memorial Hospital 4 0.08 39 0.80 
Baystate Franklin Medical Center 30 0.62 69 1.42 
Baystate Mary Lane 10 0.21 79 1.62 
Baystate Medical Center 298 6.11 377 7.73 
Berkshire Medical Center – Berkshire Campus 41 0.84 418 8.58 
Berkshire Medical Center – Hillcrest Campus 6 0.12 424 8.70 
Beth Israel Deaconess Hospital – Needham 11 0.23 435 8.92 
Beth Israel Deaconess Medical Center 176 3.61 611 12.54 
Boston Medical Center – Harrison Avenue Campus 240 4.92 851 17.46 
Brigham and Women’s Hospital 146 3.00 997 20.46 
Brockton Hospital 93 1.91 1090 22.36 
Cambridge Health Alliance – Cambridge Campus 23 0.47 1113 22.84 
Cambridge Health Alliance – Somerville Campus 2 0.04 1115 22.88 
Cambridge Health Alliance – Whidden Memorial 
Campus 
19 0.39 1134 23.27 
Cape Cod Hospital 63 1.29 1197 24.56 
Caritas Carney Hospital 54 1.11 1251 25.67 
Caritas Good Samaritan Med. Ctr. – Norcap Lodge 
Campus 
7 0.14 1258 25.81 
Caritas Good Samaritan Medical Center 52 1.07 1310 26.88 
Caritas Holy Family Hospital and Medical Center 40 0.82 1350 27.70 
Caritas Norwood Hospital 105 2.15 1455 29.85 
Caritas St. Elizabeth’s Hospital 44 0.90 1499 30.76 
Children’s Hospital Boston 574 11.78 2073 42.53 
Clinton Hospital 6 0.12 2079 42.65 
Cooley Dickinson Hospital 37 0.76 2116 43.41 
Dana-Farber Cancer Institute 7 0.14 2123 43.56 
Emerson Hospital 32 0.66 2155 44.21 
Fairview Hospital 5 0.10 2160 44.32 
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Falmouth Hospital 30 0.62 2190 44.93 
Faulkner Hospital 29 0.59 2219 45.53 
Hallmark Health System – Lawrence Memorial 
Campus 
15 0.31 2234 45.84 
Hallmark Health System – Melrose-Wakefield 
Campus 
39 0.80 2273 46.64 
Harrington Memorial Hospital 35 0.72 2308 47.35 
Health Alliance Hospital – Leominster Campus 8 0.16 2316 47.52 
Heywood Hospital 31 0.64 2347 48.15 
Holyoke Medical Center 54 1.11 2401 49.26 
Jordan Hospital 64 1.31 2465 50.57 
Lahey Clinic - Peabody Campus (North Shore) 5 0.10 2470 50.68 
Lahey Clinic – Burlington Campus 68 1.40 2538 52.07 
Lawrence General Hospital 64 1.31 2602 53.39 
Lowell General Hospital 146 3.00 2748 56.38 
Marlborough Hospital 19 0.39 2767 56.77 
Martha’s Vineyard Hospital 9 0.18 2776 56.96 
Massachusetts General Hospital 276 5.66 3052 62.62 
Mercy Medical Center - Providence Behavioral Health 
Hospital 
17 0.35 3069 62.97 
Mercy Medical Center– Springfield Campus 64 1.31 3133 64.28 
Merrimack Valley Hospital 17 0.35 3150 64.63 
MetroWest Medical Center – Framingham Campus 54 1.11 3204 65.74 
MetroWest Medical Center – Leonard Morse Campus 16 0.33 3220 66.06 
Milford Regional Medical Center 41 0.84 3261 66.91 
Milton Hospital 20 0.41 3281 67.32 
Morton Hospital and Medical Center 46 0.94 3327 68.26 
Mount Auburn Hospital 47 0.96 3374 69.22 
Nantucket Cottage Hospital 1 0.02 3375 69.24 
Nashoba Valley Medical Center 12 0.25 3387 69.49 
New England Baptist Hospital 5 0.10 3392 69.59 
Newton-Wellesley Hospital 50 1.03 3442 70.62 
Noble Hospital 12 0.25 3454 70.87 
North Adams Regional Hospital 11 0.23 3465 71.09 
North Shore Medical Center – Salem Campus 112 2.30 3577 73.39 
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North Shore Medical Center – Union Campus 14 0.29 3591 73.68 
Northeast Health System – Beverly Campus 146 3.00 3737 76.67 
Northeast Health System– Addison Gilbert Campus 25 0.51 3762 77.19 
Quincy Medical Center 25 0.51 3787 77.70 
Saint Anne’s Hospital 66 1.35 3853 79.05 
Saint Vincent Hospital at Worcester Medical Center 60 1.23 3913 80.28 
Saints Memorial Medical Center 22 0.45 3935 80.73 
South Shore Hospital 147 3.02 4082 83.75 
Southcoast Hospitals Group - St. Luke’s Campus 76 1.56 4158 85.31 
Southcoast Hospitals Group – Charlton Memorial 
Campus 
54 1.11 4212 86.42 
Southcoast Hospitals Group – Tobey Hospital 
Campus 
11 0.23 4223 86.64 
Sturdy Memorial Hospital 23 0.47 4246 87.12 
Tufts Medical Center 162 3.32 4408 90.44 
U.Mass. Memorial Medical Center – Memorial 
Campus 
91 1.87 4499 92.31 
U.Mass. Memorial Medical Center – University 
Campus 
240 4.92 4739 97.23 
Winchester Hospital 112 2.30 4851 99.53 
Wing Memorial Hospital and Medical Centers 23 0.47 4874 100.00 
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Table A.8: Frequency of ILI-related hospital utilization, Oct 1, 2008-Apr 25, 2009  
Frequency of ILI-related hospital utilization, Oct 1, 2008-Apr 25, 2009 (Seasonal influenza time period) 
Hospital Name Frequency Percent 
Cumulative
Frequency 
Cumulative
Percent 
Anna Jaques Hospital 141 0.93 141 0.93 
Athol Memorial Hospital 35 0.23 176 1.16 
Baystate Franklin Medical Center 44 0.29 220 1.45 
Baystate Mary Lane 25 0.16 245 1.62 
Baystate Medical Center 765 5.05 1010 6.66 
Berkshire Medical Center – Berkshire Campus 213 1.41 1223 8.07 
Berkshire Medical Center – Hillcrest Campus 49 0.32 1272 8.39 
Beth Israel Deaconess Hospital – Needham 64 0.42 1336 8.81 
Beth Israel Deaconess Medical Center 459 3.03 1795 11.84 
Boston Medical Center – Harrison Avenue Campus 505 3.33 2300 15.17 
Brigham and Women’s Hospital 418 2.76 2718 17.93 
Brockton Hospital 285 1.88 3003 19.81 
Cambridge Health Alliance – Cambridge Campus 71 0.47 3074 20.28 
Cambridge Health Alliance – Somerville Campus 43 0.28 3117 20.56 
Cambridge Health Alliance – Whidden Memorial 
Campus 
58 0.38 3175 20.95 
Cape Cod Hospital 317 2.09 3492 23.04 
Caritas Carney Hospital 153 1.01 3645 24.05 
Caritas Good Samaritan Med. Ctr. – Norcap Lodge 
Campus 
12 0.08 3657 24.13 
Caritas Good Samaritan Medical Center 209 1.38 3866 25.51 
Caritas Holy Family Hospital and Medical Center 151 1.00 4017 26.50 
Caritas Norwood Hospital 348 2.30 4365 28.80 
Caritas St. Elizabeth’s Hospital 154 1.02 4519 29.81 
Children’s Hospital Boston 1053 6.95 5572 36.76 
Clinton Hospital 28 0.18 5600 36.95 
Cooley Dickinson Hospital 199 1.31 5799 38.26 
Dana-Farber Cancer Institute 22 0.15 5821 38.40 
Emerson Hospital 135 0.89 5956 39.30 
Fairview Hospital 30 0.20 5986 39.49 
Falmouth Hospital 194 1.28 6180 40.77 
Faulkner Hospital 120 0.79 6300 41.56 
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Hallmark Health System – Lawrence Memorial 
Campus 
70 0.46 6370 42.03 
Hallmark Health System – Melrose-Wakefield 
Campus 
161 1.06 6531 43.09 
Harrington Memorial Hospital 77 0.51 6608 43.60 
Health Alliance Hospital – Burbank Campus 11 0.07 6619 43.67 
Health Alliance Hospital – Leominster Campus 204 1.35 6823 45.02 
Heywood Hospital 110 0.73 6933 45.74 
Holyoke Medical Center 146 0.96 7079 46.70 
Hubbard Regional Hospital 18 0.12 7097 46.82 
Jordan Hospital 161 1.06 7258 47.89 
Lahey Clinic - Peabody Campus (North Shore) 22 0.15 7280 48.03 
Lahey Clinic – Burlington Campus 333 2.20 7613 50.23 
Lawrence General Hospital 246 1.62 7859 51.85 
Lowell General Hospital 374 2.47 8233 54.32 
Marlborough Hospital 78 0.51 8311 54.83 
Martha’s Vineyard Hospital 18 0.12 8329 54.95 
Massachusetts Eye & Ear Infirmary 12 0.08 8341 55.03 
Massachusetts General Hospital 686 4.53 9027 59.56 
Mercy Medical Center - Providence Behavioral 
Health Hospital 
18 0.12 9045 59.68 
Mercy Medical Center– Springfield Campus 289 1.91 9334 61.58 
Merrimack Valley Hospital 82 0.54 9416 62.12 
MetroWest Medical Center – Framingham Campus 195 1.29 9611 63.41 
MetroWest Medical Center – Leonard Morse 
Campus 
106 0.70 9717 64.11 
Milford Regional Medical Center 202 1.33 9919 65.44 
Milton Hospital 87 0.57 10006 66.02 
Morton Hospital and Medical Center 139 0.92 10145 66.93 
Mount Auburn Hospital 216 1.43 10361 68.36 
Nantucket Cottage Hospital 16 0.11 10377 68.46 
Nashoba Valley Medical Center 36 0.24 10413 68.70 
New England Baptist Hospital 33 0.22 10446 68.92 
Newton-Wellesley Hospital 215 1.42 10661 70.34 
Noble Hospital 122 0.80 10783 71.14 
North Adams Regional Hospital 57 0.38 10840 71.52 
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North Shore Medical Center – Salem Campus 388 2.56 11228 74.08 
North Shore Medical Center – Union Campus 132 0.87 11360 74.95 
Northeast Health System – Beverly Campus 367 2.42 11727 77.37 
Northeast Health System– Addison Gilbert Campus 85 0.56 11812 77.93 
Quincy Medical Center 120 0.79 11932 78.72 
Saint Anne’s Hospital 190 1.25 12122 79.98 
Saint Vincent Hospital at Worcester Medical Center 254 1.68 12376 81.65 
Saints Memorial Medical Center 116 0.77 12492 82.42 
South Shore Hospital 453 2.99 12945 85.41 
Southcoast Hospitals Group - St. Luke’s Campus 295 1.95 13240 87.35 
Southcoast Hospitals Group – Charlton Memorial 
Campus 
289 1.91 13529 89.26 
Southcoast Hospitals Group – Tobey Hospital 
Campus 
47 0.31 13576 89.57 
Sturdy Memorial Hospital 128 0.84 13704 90.41 
Tufts Medical Center 285 1.88 13989 92.29 
U.Mass. Memorial Medical Center – Memorial 
Campus 
244 1.61 14233 93.90 
U.Mass. Memorial Medical Center – University 
Campus 
468 3.09 14701 96.99 
Winchester Hospital 383 2.53 15084 99.52 
Wing Memorial Hospital and Medical Centers 73 0.48 15157 100.00 
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